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Abstract 
 
Background: The assessment of prevalence of acute malnutrition in under-five 
children is widely used for the detection of nutritional emergencies, planning 
interventions, advocacy, and programme monitoring and evaluation. Current 
nutritional surveillance systems have important limitations. The aim of this thesis 
was to develop a new method for nutritional surveillance to assess acute 
malnutrition prevalence using PROBIT Methods based on Middle-Upper Arm 
Circumference (MUAC). Specific objectives were to: i) compare the appropriateness 
of MUAC versus other anthropometric measurements or indices to assess change in 
a population’s nutritional status; ii) Examine assumptions behind the proposed 
PROBIT Methods; and iii) Assess outcomes of the proposed PROBIT Methods using 
estimation and classification approaches. 
Methods: The first objective was achieved through a literature review. For the 
second objective, assumptions were tested on a database of 852 nutritional surveys 
including 668,975 children aged 6-59 months old. For the third objective, the 
Methods were assessed using data from 681,600 simulated surveys of eight 
different sizes. 
Results: MUAC was identified as the most appropriate anthropometric measure to 
detect short-term changes in the nutritional status of a population; and the main 
assumptions behind the proposed Methods were verified. The PROBIT methods had 
better precision in the estimation of acute malnutrition than the Classic Method for 
all sample sizes tested and a better coverage for smaller sample sizes, while having 
relatively little bias. The classification approach performed well with a threshold of 
5% acute malnutrition. 
Conclusion: PROBIT Methods have a clear advantage in the assessment of acute 
malnutrition prevalence compared to the Classic Method. Their use would require 
much lower sample sizes and would enable great time- and resource-savings.  
There is great potential in their use in surveillance systems in order to produce 
timely and/or locally relevant prevalence estimates of acute malnutrition and to 
enable a swift and well-targeted response. 
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Key terminology 
 
 
Malnutrition  
“A broad term commonly used as an alternative to ‘undernutrition’, but which 
technically also refers to overnutrition. People are malnourished if their diet does 
not provide adequate nutrients for growth and maintenance or if they are unable to 
fully utilize the food they eat due to illness (undernutrition). They are also 
malnourished if they consume too many calories (overnutrition)” (Nutrition 
Glossary, UNICEF). In this thesis, malnutrition refers to undernutrition unless stated 
otherwise. 
 
Anthropometry  
“Anthropometry is the use of body measurements such as weight, height and mid-
upper arm circumference (MUAC), in combination with age and sex, to gauge 
growth or failure to grow” (Nutrition Glossary, UNICEF). 
 
Anthropometric status  
“The growth status of an individual’s body measurements in relation to population 
reference values” (Nutrition Glossary, UNICEF). 
 
Public health surveillance 
“Public health surveillance is the continuous, systematic collection, analysis and 
interpretation of health-related data needed for the planning, implementation, and 
evaluation of public health practice. Such surveillance can: serve as an early 
warning system for impending public health emergencies; document the impact of 
an intervention, or track progress towards specified goals; and monitor and clarify 
the epidemiology of health problems, to allow priorities to be set and to inform 
public health policy and strategies” (WHO website, health topics). 
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Early warning system  
“An information system designed to monitor indicators that may predict or 
forewarn of impending food shortages, worsening of the nutritional situation or 
famine” (Nutrition Glossary, UNICEF). 
 
Nutrition survey  
“Nutrition surveys in emergencies assess the extent of undernutrition or estimate 
the numbers of children who might require supplementary and/or therapeutic 
feeding or other nutritional support” (Nutrition Glossary, UNICEF). 
 
Rapid nutrition assessment  
“An assessment which is carried out quickly to establish whether there is a major 
nutrition problem and to identify immediate needs of the population. Screening 
individuals for inclusion in selective feeding programmes is also a form of rapid 
nutrition assessment” (Nutrition Glossary, UNICEF). 
 
Complex emergency 
A complex emergency is “a humanitarian crisis in a country, region or society where 
there is total or considerable breakdown of authority resulting from internal or 
external conflict and which requires an international response that goes beyond the 
mandate or capacity of any single and/or ongoing UN country programme” (Inter-
Agency Standing Committee, definition of complex emergencies).  
 
Humanitarian emergency/crises 
“A humanitarian emergency is an event or series of events that represents a critical 
threat to the health, safety, security or wellbeing of a community or other large 
group of people, usually over a wide area” (humanitarian coalition website). 
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Disaster 
“A disaster is a sudden, calamitous event that seriously disrupts the functioning of a 
community or society and causes human, material, and economic or environmental 
losses that exceed the community’s or society’s ability to cope using its own 
resources. Though often caused by nature, disasters can have human origins” (IFRC 
website). 
 
Normal distribution 
The shape of the normal distribution (the characteristic "bell curve") is quantified 
by two parameters: the mean and the standard deviation, and follows important 
properties: (i) it is always symmetrical with equal areas on both sides of the curve; 
(ii) the highest point on the curve corresponds to the mean which equals the 
median and the mode; (iii) the spread of the curve is determined by the standard 
deviation; and (iv) as with all probability density functions the area under the curve 
must sum to the total probability of 1 (Essential Medical Statistics, B. Kirkwood). 
 
Standard deviation  
The standard deviation is a measure of dispersion in a frequency distribution, equal 
to the square root of the mean of the squares of the deviations from the arithmetic 
mean of the distribution (Collins English dictionary).  
 
Probit function 
The Probit function is the inverse of the cumulative distribution function of the 
standard normal distribution (Essential Medical Statistics, B. Kirkwood). 
 
 
 
 
                                                                                                                       PREFACE                                     
                                                                                                                          
14 
 
Preface 
 
This PhD thesis includes a collection of research papers. These papers are related, 
though they have been published, or submitted, as independent research 
contributions. 
 
As a result, some information has been repeated. Data collection and management 
is repeated in the method section of all research papers as well as some sections in 
the introduction.  
 
There may also be different figures for the same condition as these may have 
changed over time and data was up-dated over the years. 
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Chapter 1: Introduction 
 
 
1.1 Humanitarian crises and actors 
 
Humanitarian crises due to armed conflict, natural disasters, disease outbreaks and 
other hazards are a major and growing contributor to ill-health and vulnerability 
worldwide. According to the United Nations (UN), the number of people affected by 
humanitarian crises has almost doubled in the past decade1. In 2015, the Office for 
the Coordination of Humanitarian Affairs (OCHA) identified 125.3 million people in 
need of humanitarian assistance in around 37 countries in the world and 60 million 
displaced by conflicts or natural disasters 1.  
 
The main actors responding to humanitarian crisis includes a wide range of agencies 
and organisations that can be categorised into the following groups: National and 
international non-governmental organisations (NGOs), the International Red 
Cross/Red Crescent Movement (IFRC), the UN agencies, local government 
institutions and donor agencies.  
 
Need assessments of people affected by humanitarian crises is essential for 
strategic planning and timely and appropriate interventions. It also provides 
baseline information for monitoring and evaluation and helps determine the 
effectiveness of the humanitarian response. When carrying out an assessment, the 
following sectors should be prioritised: health, livelihood, water, sanitation and 
hygiene promotion, food and nutrition, safety, security and protection and shelter2. 
 
This thesis focuses on the assessment of nutritional status in crises affected 
populations. 
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1.2 Malnutrition 
 
Malnutrition is defined as “any disorder resulting from a deficiency or excess of one 
or more essential nutrients”3. It includes:  
 
i) undernutrition which encompasses acute malnutrition (AM) (wasting  
and/or oedematous malnutrition), chronic malnutrition (stunting), 
underweight, intra-uterine growth retardation, and micronutrient 
deficiencies and  
 
ii) overnutrition (overweight and obesity).  
 
Undernutrition is the underlying cause of child deaths associated with diarrhoea, 
pneumonia, malaria and measles. Overall, 45% of all death in young children is 
attributable to undernutrition4, 5.   
 
Measuring undernutrition involves the assessment of nutritional status of children 
(as proxy for the nutritional status of the general population) and can be done using 
anthropometric assessment. Weight, height or length and Middle-Upper-Arm 
Circumference (MUAC) are measured in order to determine anthropometric indices 
such as weight-for-age (WFA), weight-for-height (WFH), MUAC-for-age or 
height/length-for-age (HFA) and are used as indicators of underweight, wasting/AM 
and stunting/chronic malnutrition respectively. Low unadjusted MUAC is also used 
as an indicator of AM. Oedematous malnutrition is defined by the presence of bilateral 
pitting oedema (see paragraph below on acute malnutrition). 
 
A child’s anthropometric indices are usually compared to those of a reference 
population in order to classify his or her anthropometric status. The child’s 
deviation from the central values of this distribution, as percentage of the reference 
median or standard deviations (SD or Z-scores) below or above the reference mean 
have been used to assess anthropometric status. Pioneer reference datasets for 
children’s anthropometry were derived by Meredith from a small unrepresentative 
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sample of American children6 in the 1940s. Tanner and Harvard Growth Curves 
were then compiled and used as reference in the 60s  7 and the Harvard growth 
curves were simplified and established by the World Health Organisation (WHO) as 
international growth reference in the late 1960s. From 1977 onwards, any child’s 
anthropometric indices were compared to those of the National Center for Health 
Statistics (NCHS) reference of healthy, well-fed American children. In 2006,  WHO 
developed new standards, developed on the basis of the results of the Multicentre 
Growth Reference Study (MGRS) including well-fed children from different 
backgrounds and cultural settings (Brazil, Ghana, India, Norway, Oman and the 
USA)8. Unlike the NCHS reference, these standards are prescriptive. They depict 
normal human growth under optimal environmental conditions and can be used to 
assess children everywhere, regardless of ethnicity, socio-economic status and type 
of feeding. The WHO standards were designed to be a gold standard rather than a 
reference and are now used worldwide. 
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1.3 Acute malnutrition 
 
Acute malnutrition is particularly prominent in emergencies and is one of the basic 
indicators for assessing the severity of a humanitarian crisis 9. The prevalence of 
acute malnutrition among children reflects the wider situation of crisis affected 
populations, including their food security, livelihoods, public health and social 
environment 10, 11.  
 
Acute malnutrition is a major public health issue throughout the low and middle 
income countries. It is caused by a decrease in food consumption and/or illness and 
current definitions recognise two types — wasting (marasmus) and oedematous 
malnutrition (kwashiorkor). The United Nations Children's Fund’s latest report on 
the State of the World’s Children 12 estimates that out of the 898 million of children 
under 5 years old in least developed countries, approximately 81 million (9%) are 
wasted. Asia and West and Central Africa are the most affected regions with 15% 
and 11% of children wasted respectively. Out of the 6.9 million estimated deaths 
among children under 5 years old annually, 875 000 deaths (12.6%) 4 are attributed 
to wasting, which is a major determinant of child health and survival and can have 
devastating consequences 13-18. Similar estimates are not available for oedematous 
malnutrition.  
 
The characteristics of a marasmic child are prominent bones (ribs), skinny limbs, 
loose skin (on lifting) and loose skin around the buttocks (baggy pants), whereas the 
signs for a kwashiorkor child are presence of bilateral pitting oedema, hair changes 
(scanty, straight) and skin changes (dermatosis). These two types can sometimes 
occur simultaneously as marasmic kwashiorkor. 
 
Acute malnutrition can be assessed and its severity classified through 
anthropometric measurements: low Weight-For-Height (WFH), low Middle-Upper 
Arm Circumference (MUAC) and the presence of bilateral pitting oedema (excessive 
fluids under the skin and in certain tissues, at a minimum on the dorsum of both 
feet) (Table 1). 
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The MGRS standards have systematically changed the ratio of Global Acute 
Malnutrition (GAM) to Severe Acute Malnutrition (SAM) prevalence. The proportion 
of SAM is increased; children previously classifies as Moderate Acute Malnutrition 
(MAM) (NCHS reference) are classified as SAM (WHO reference)19. Mid-Upper Arm 
Circumference (MUAC) was also adopted by WHO as a measure of acute 
malnutrition in 2005; SAM was defined by a MUAC < 110mm20. Discussions on the 
cut-off point defining SAM using MUAC led to a shift from MUAC<110mm to 
MUAC<115m in 200921. The current classification of acute malnutrition is 
summarised in Table 1. Although the MUAC<125mm was not endorsed by WHO as 
a measure of GAM, it is widely used. Although acute malnutrition is a reliable 
measure to assess the nutritional situation, as well as a sensitive and objective 
indicator for nutritional emergency that can be assessed in almost all circumstances 
(i.e. even in emergency situations)10, 11, its prevalence estimates need to be put into 
context, and other available data such as food security, morbidity and mortality, 
markets prices, access to food should be taken into account in order to interpret 
results. Furthermore, acute malnutrition may not always be sentive enough to 
detect a crisis e.g. in case of destruction of livelihoods in order to protect nutrition 
status.  
 
 
Table 5: Acute Malnutrition definition and classification  
Case definition 
Severe Acute Malnutrition 
(SAM) 
WFH < -3 SD and/or  
oedema and/or  
MUAC<115 mm 
 
Global Acute Malnutrition 
(GAM) 
WFH < -2 SD and/or  
oedema and/or  
MUAC<125 mm 
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1.4 Nutritional surveillance: Current systems and tools for nutritional 
surveillance   
 
Ongoing surveillance is an essential instrument for:  
 
i) the detection of nutritional emergencies (early warning) and 
intervention; 
ii) planning and advocacy; 
iii) programme monitoring; and  
iv) evaluation.  
 
It provides information on trends and allows interpretation of malnutrition 
prevalence as compared to expected seasonal changes, i.e. what is normal for that 
population at that time of the year, and/or, in the absence of baseline data, 
arbitrary benchmarks for gravity of the nutritional situation 10, 22-26.  The use of 
threshold-based classifications to judge the severity of a situation was rejected by 
the Sphere Project1 27, however, WHO’s classification (see table 2) of wasting 
prevalence based on the WFH index to assess the seriousness of a crisis is used by 
most humanitarian actors.  
 
Table 6: The WHO classification of the severity of the prevalence of malnutrition28 
Prevalence 
of WFH-wasting 
Classification Typical actions 
< 5%   Acceptable No action required 
5% - 9%   Poor Continue to monitor situation 
10% - 14%   Serious Intervene 
≥ 15%  Critical  Immediate emergency intervention 
 
 
Nutritional surveillance systems vary across settings, organisations and even within 
countries 29, 30. Some of the first examples of the use of the prevalence of 
malnutrition to confirm humanitarian emergencies include the international 
                                                 
1
 Sphere Project consultative groups on Minimum Standards in Disaster Response 
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response to the Nigerian civil war in Biafra in the 1960s and the famine across the 
Sahel in the 1970s 10.  Systems like the United States Agency for International 
Development (USAID) Famine Early Warning System Network (FEWSNET 31) were 
then developed in the 1980s. FEWSNET is now active in 25 countries and releases 
articles and reports on drought and food shortages. In 1994 the Food Security and 
Nutrition Analysis Unit (FSNAU 32), a United Nations (UN) supported agency, was 
instituted in Somalia and has established a robust surveillance system which 
collects, analyses, and disseminates information on the food, nutrition (including 
nutritional anthropometric indicators) and livelihood security situation on a regular 
basis, based on surveys conducted throughout the country. Another important 
development is the Integrated Food Security Phase Classification (IPC) system, 
originally developed in Somalia under the FAO Food Security Analysis Unit (FSAU, 
now called FSNAU). It is a standardised tool that aims at providing information to 
classify food security using a common scale comparable across countries and is 
used in 42 countries. The IPC takes into account the various aspects of food security 
issues including health status, civil security, structural factors etc33.  
 
Table 3 describes the types of nutrition surveillance and the use of anthropometric 
measurements or indices for children under 5 years old.  
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Table 7: Anthropometric indices and nutrition surveillance 
Type  
Anthropometric indices  
(<5 years old) 
Frequency Cost2 
Large scale national 
surveys (DHS/MICS) 
 
Repeated large scale 
surveys  
 
Repeated small scale 
surveys 
 
Sentinel site  
 
 
Rapid assessments 
/screenings 
 
School height census 
 
Health centre monitoring 
 
Feeding programmes 
WFH, WFA, HFA. Few MISC 
include Oedema and/or MUAC 
 
WFH, WFA, HFA. Most include 
Oedema, MUAC  
 
WFH, WFA, HFA, Oedema, MUAC  
 
 
WFH, WFA, HFA MUAC, oedema 
 
 
MUAC/ oedema 
 
 
HFA 
 
WFA 
 
WFH, Oedema, MUAC  
Every 3 to 5 years 
 
 
1 to 2 times/year 
to every 2 years  
 
2/3 times a year to 
every 2 years  
 
2 to 4 times a year 
 
 
N/A 
 
 
Monthly 
 
Monthly 
 
Weekly or biweekly 
Very high  
 
 
High 
 
 
Moderate  
 
 
Moderate/Low 
 
 
Low 
 
 
Low 
 
Low 
 
N/A 
 
 
Nutritional surveillance usually relies on cross-sectional anthropometric surveys to 
estimate the prevalence of malnutrition, often complemented by food security or 
mortality assessments 9-11. National or large-scale surveys such as  government-led 
Demographic and Health Surveys (DHS) and UNICEF’s Multiple Indicator Cluster 
Surveys (MICS) are conducted in approximately 100 countries every three to ten 
years to follow trends on various indicators 34, 35.  Smaller-scale surveys are also 
conducted by various actors (INGOS, NGOs, IFRC). Since 2006, the Standardised 
Monitoring and Assessment of Relief and Transitions3 (SMART) methodology has 
been increasingly adopted to conduct surveys at camp, district, regional or national 
level 9-11, 36. It is “a standardised, simplified household-level survey methodology 
that provides representative and accurate nutrition and mortality data for effective 
decision making and resource allocation”37. Recently, the UNHCR developed a 
                                                 
2
 Very high:  0.8 million - 1.2million USD
2
; High: 80 000 USD / region; Moderate : 10,000 to 15,000 
USD 
3
 SMART is an inter-agency initiative, launched by a network of organizations and humanitarian 
practitioners.  
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methodology based on SMART with additional standardised questionnaires adapted 
to refugee settings called Standardised Expanded Nutrition Survey (SENS) 38.  
Surveys are labour and resource intensive (in terms of time, logistics, and finance) 
especially in insecure settings, remote areas or when wide areas need to be 
covered (i.e. northern Kenya, Sudan)11, 25, 26.  
 
There are several alternatives to surveys. Sentinel sites are purposely selected sites 
that represent a particular population with specific livelihood systems or areas 
where the population is most at risk. Sentinel sites have several advantages. They 
can be monitored in a timely fashion, are likely to cost less and enable a more 
participatory approach. However, relying on these sentinel sites may result in 
unrepresentative findings and potential further bias due to continuous re-
measurement of children11, 39, 40. Rapid nutrition assessments or mass screening are 
quick and although they are rarely representative of a population, they can help 
determine whether a more detailed assessment is required and are an important 
source of information in emergency settings. School height census has been used 
for nutrition surveillance but is not common practice.  Although it is inexpensive 
and provides good population coverage, it is dependent on attendance rates. 
Health centre monitoring and statistics from feeding programmes can also inform 
on the nutritional status of a population.   
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1.5 The use of mean MUAC for nutritional surveillance 
 
The case definition of AM has changed over time and while WFH was officially 
adopted by WHO as measure of AMdecades ago, MUAC was only adopted in 2007 
for severe acute malnutrition41. The use of WFH versus MUAC is often debated but 
it is important to note that neither MUAC nor WFH can be considered a gold 
standard measure or index of nutritional status. MUAC-for-age is another index that 
assesses AM  and could potentially be more sensitive to alterations in 
anthropometric status than MUAC alone.  The use of MUAC-for-age is discussed in 
Annex 1.  
 
MUAC versus WFH 
 
The usefulness of MUAC is increasingly recognised 20 and there is accordingly a 
growing interest in MUAC-only programming 41-45. There is a consensus that MUAC 
is a better predictor of mortality than WFH 23, 46-53 and it was reported that using 
MUAC alone is preferable for identifying high-risk malnourished children 54. The 
MUAC tool – a tape measure – is advantageous since it is cheap, easy to transport 
and easy to use and interpret (e.g different colours for different status). It is the 
most field-appropriate anthropometric measure, with the addition of the presence 
of bipedal oedema, to screen and detect cases of malnutrition in communities 20, 55, 
56.  
Furthermore, using WFH to follow trends of AM may be problematic as it was 
shown that children often grow in height and in weight at different times of the 
year. During some seasons, children grow in length rapidly whereas their weight 
increases slowly, suggesting a deterioration of nutritional status in terms of WFH 
whereas it improves in terms of height-for-age (measure of stunting). This 
observation makes interpretation of these surveys difficult as for the long term 
outcome, reduction of stunting, is highly desirable. This difficulty is not applicable 
to MUAC. A reduction of the proportion of children with a low MUAC is always 
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positive and is easy to interpret57. MUAC has other advantages that are described in 
more detail in Chapter 2.  
 
Advantages of assessing the mean of a nutritional measurement/ index  
 
Nutritional indices are usually computed to estimate the prevalence of GAM or 
SAM.  However, treating such indices as continuous variables can also give very 
useful information on trends and gravity levels; for example, a decrease in the 
mean WFH has long been recognised as a sign of a worsening nutritional situation 
58-60. The Arid Lands Resource Management Project in Kenya has included mean 
MUAC for many years among its indicators, and indeed MUAC trends in this setting 
do reflect bona fide changes in food security and burden of malnutrition 60. 
Using mean MUAC as the primary anthropometric measure for nutritional 
surveillance would present two major operational advantages: 
 Firstly, the sample size required could be smaller as the estimator would the 
mean of a continuous variable rather than prevalence based on a categorical 
variable 58 
 
 Secondly, using MUAC is more feasible in the community, as it does not 
entail transport or calibration of height and weight scales and allows for 
rapid screening. It does not appear to be more prone to measurement error 
than other indices; furthermore, focusing on one anthropometric measure 
would make the training as well as the supervision and analysis of the data 
collection easier and more feasible. An additional advantage of the use of 
MUAC for community surveillance is the better assessment of the number 
of children in need of treatment in MUAC based programmes where 
detection and treatment of children with a high risk of death is the 
priority61. The appropriateness of different measurement or index is 
discussed Chapter 2. 
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1.6 Rationale  
 
Rationale for this thesis 
 
Current nutritional surveillance systems have important limitations – they lack 
consistency in their frequency, and anthropometric surveys are intensive, expensive 
and usually detect a high prevalence of malnutrition only once it is already a serious 
problem. Some surveillance systems have been in place for many years but need to 
be improved in order to produce more comprehensive information (i.e. in Darfur or 
Kenya 29). Other systems have been created but tend to disappear within a couple 
of years of their inception due to a lack of coordination, support and funding (i.e. 
Alert Site Surveillance Network created in 1997 in Somalia 56). Broadly speaking, the 
current systems are not able to provide the frequency and geographic resolution of 
data that would assist in enabling a swift detection and response to crises before 
they are well established 11, 24-26, 30. 
There is a consensus of opinion that ‘’the onset of a humanitarian disaster is often 
plagued by ambiguous and untimely information’’ (Inter-Agency Standing 
Committee (IASC) Nutrition Cluster 4,62). Furthermore, the need for a 
comprehensive nutrition surveillance system is clearly identified at the 
international level (United Nation Standing Committee on Nutrition UNSCN5, 63). 
The rationale for this thesis was the need for evidence on how to best design 
nutritional surveillance systems as well as new field-practical approaches to 
facilitate effective data collection and analysis, and produce timely information 24-26.  
 
                                                 
4
 The IASC on nutrition is lead by UNICEF in collaboration with 33 UN, NGO, and Academic/research 
organizations.   
5
 The UNSCN Working Group on Nutrition in Emergencies includes technical experts from the UN, 
INGOs, academics and independent nutritionists  
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The proposed Method 
 
 
This thesis focused on the development of a new method to estimate acute 
malnutrition prevalence. The proposed approach was to estimate SAM/GAM 
prevalence (using MUAC based case definitions only) based on an estimate of the 
mean MUAC, and of its standard deviation (SD). I proposed that a point estimate 
and confidence interval (CI) for prevalence may be generated based on a small 
sample survey of mean MUAC and information about the distribution of MUAC SD 
values in the population, represented by the MUAC SDs observed in previous 
surveys within a given stratum. A database of surveys from different settings 
provided the required MUAC SD. The advantage of using MUAC SD from a database 
of previous surveys was to produce more robust estimates. The figure below 
summarises the proposed method. 
 
Figure 3: Overview of the proposed method 
 
GAM : Global Acute Malnutrition ; PE: Point Estimate; SD: Standard deviation; CI : Confidence 
Interval 
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Assumptions of the above method 
 
 
The above-mentioned method entails a number of critical assumptions that need to 
be thoroughly explored before it can be considered for field use. The following are 
the proposed method’s key assumptions and potential limitations: 
 
 
 MUAC is normally distributed in a large majority of populations and settings, 
or can be transformed mathematically so as to take a normal distribution; 
the same transformation needs to be used for all surveys within a given 
geographic stratum, meaning that at least one of the possible 
transformations needs to ensure normality in a large majority of surveys.  
 
 In areas where kwashiorkor accounts for a non-negligible proportion of all 
SAM (e.g. parts of West, Central and Southern Africa), this method might 
yield considerable underestimates of SAM and GAM if MUAC cut-offs only 
capture a limited fraction of bilateral oedema cases: the overlap between 
low MUAC and oedema therefore needs to be analysed. If MUAC-based cut-
offs are highly sensitive for oedema, as suggested by several studies 52, 64 , 
the method would yield unbiased prevalence estimates, all else being equal; 
if on the other hand sensitivity of MUAC cut-offs for oedema were low, the 
method would result in under-estimation. 
 
 The variability in MUAC SD from our database of nutritional surveys done in 
crisis settings is representative of the variability that we can expect in the 
future; furthermore, MUAC SD is itself not strongly associated with average 
nutritional status. If these assumptions on MUAC SD did not hold and/or 
could not be corrected for, prior estimates of SD for a given strata might not 
be applicable to the SD observed in future surveys, resulting in biased SAM 
or GAM prevalence. 
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 Within a given stratum, defined based on region, livelihood zones or 
residence status, there is little variability in the standard deviation (SD) of 
MUAC normal distribution or else estimates would be too imprecise to be 
useful. 
 
 
An alternative approach 
 
An alternative approach was explored in the case the proposed method above did 
not have the expected outcomes. The SD of the small sample survey could directly 
be used, along with the mean to build the desired normal distribution. This 
estimation of the prevalence by PROBIT computation could be done based on the 
small sample survey alone (i.e. not using information from previous surveys). 
 
For the purpose of this thesis, the coverage of the method was defined as the 
proportion of SAM/GAM confidence intervals that contain the “true” proportion 
computed with the classical approach (from the full survey dataset). The precision 
was the range of values from the lower bound of the 95 % CI to the upper bound 
for each SAM/GAM estimates.  Bias was defined as the estimated prevalence (from 
proposed method) minus “true” SAM/GAM prevalence (from full survey dataset). 
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1.7 Thesis aim 
 
The overall aim of this thesis was to develop a new method for nutritional 
surveillance consisting of estimation of the SAM/GAM prevalence (MUAC based 
case definitions only) based on the mean MUAC and its standard deviation. 
 
Thesis objectives 
 
Specific thesis objectives are as follows:  
 
I. Compare the appropriateness of MUAC versus other anthropometric 
measurements or indices 
 
II. Examine the normality of MUAC distributions; and if necessary apply 
transformations to the data in order to achieve normality 
 
III. Examine the association between MUAC and bilateral oedema 
 
 
IV. Examine assumptions around MUAC SD: MUAC SD from our database is 
representative of the variability we can expect in the future; MUAC SD is not 
strongly associated with average nutritional status and; MUAC SD variability 
falls within a reasonably narrow range 
 
V. Assess outcomes of the proposed PROBIT methods using estimation and 
classification approaches 
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1.8 Structure of the thesis 
 
This thesis by publications is structured in three parts. Part I contains the 
introduction, literature review and the description of the data collection. Part II 
contains three research papers as well as an unpublished result chapter, and Part III 
discusses the research findings and the overall contribution of the thesis. Table 4 
below summarises the structure of this thesis. 
 
Part I 
 
Chapter 1 provides a general introduction as well as the rational for this study, the 
aim and objectives. 
Chapter 2 is a systematic literature review ‘research paper’ titled “Assessing change 
in the nutritional status of a population: a systematic literature review to identify 
the most appropriate anthropometric indicator“. This paper summarises available 
evidence on the performance of the different anthropometric measurement and 
indices used in nutritional surveillance in order to appraise the appropriateness of 
mean MUAC for the proposed method (Objective I).  
Chapter 3 describes the process of data collection and the creation of the databases 
used for this study. 
 
Part II 
 
Chapters 4 to 6 assess the different assumptions behind the proposed Method:   
- Research paper 1: “Is Middle-Upper Arm Circumference “normally” 
distributed?” (Objective II) 
- Research paper 2: “Omitting edema measurement: how much acute 
malnutrition are we missing?” (Objective III) 
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- Unpublished research results that examine the assumptions linked to the 
MUAC SD: Exploration of further method assumptions (Objective IV). 
Chapter 7 presents the final research paper on the performance of the proposed 
method as well as the two alternative approaches. (I will add a title shortly) 
(Objective V). 
 
Part III 
 
Chapter 8 contains the discussion and conclusions. The main study findings are 
summarised and possible applications as well as the contribution of the study are 
discussed. 
 
Table 4 below summarises the structure of my PhD thesis. 
 
Table 8: Description of this thesis 
Chapter Objective Type Publication status 
1 - Introduction - 
2 I 
Systematic literature review 
“research paper” 
In  peer review  
3 
 
Data collection & management - 
4 II Research paper 1 Published 
5 III Research paper 2 Published 
6 IV Unpublished result - 
7 V Research paper 3 Submitted  
8 - Discussion & conclusion  - 
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1.9 Publications from this thesis 
 
 
 Frison S, Kerac M, Checchi Fi, Prudhon C. 2016. Anthropometric indicators to 
assess change in the nutritional status of a population: a systematic literature 
(in review; BioMed Central). 
 
 Frison S, Checchi F, Kerac M, Nicholas J. Is Middle-Upper Arm Circumference 
"normally" distributed? Secondary data analysis of 852 nutrition surveys. 
Emerging Themes in Epidemiology. 2016 04 May;13:7. doi: 10.1186/s12982-
016-0048-9. eCollection 2016. PMID: 27148390 
 
 Frison S, Checchi F, Kerac M. Omitting edema measurement: How much acute 
malnutrition are we missing? American Journal of Clinical Nutrition. 2015 01 
Nov;102(5):1176-81. doi: 10.3945/ajcn.115.108282Am J Clin Nutr 
ajcn108282 
 
 Frison S, Checchi F, Kerac M, Nicholas J. 2016. A novel, efficient method for 
estimating the prevalence of acute malnutrition in resource-constrained and 
crisis-affected settings (submitted to PLOS One) 
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Chapter 2 - Anthropometric indices and measures to assess change in 
the nutritional status of a population: a systematic literature review  
 
 
This systematic literature review highlights the advantages of using mean MUAC for 
nutrition surveillance. It summarises available evidence on the performance of the 
different anthropometric measurement and indices used in nutritional surveillance 
in order to appraise the use of mean MUAC for the proposed method. 
 
This chapter is supplemented by Annex I summarising the appropriateness of MUAC 
versus MUAC-for-Age. MUAC grows continuously with age, MUAC-for-Age could 
therefore potentially be more sensitive to alterations in anthropometric status than 
MUAC alone.   
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Abstract  
 
Background: Undernutrition is a major public health issue highlighted by the 2015 
Sustainable Development Goals, with target 2.2 aiming to ‘end hunger’ by 2030. 
On-going surveillance is an essential instrument for detecting nutritional stress in a 
population and is key to planning consequent interventions. Whilst methodologies 
of nutritional surveillance systems vary across different settings, organisations and 
even within the same country, the direct evidence-base underpinning these 
practices is limited. This paper aims therefore to: 1) compare the performance of 
different anthropometric indices/measurements for detecting change in the 
nutritional situation at population level; 2) discuss their properties and 
appropriateness for use in a surveillance system.  
 
Methodology:  This systematic literature review considered peer-reviewed and 
grey literature. Evidence was compiled from standard electronic databases, 
websites and snowballing. The search was performed in November 2015 by a single 
reviewer using the following terms to capture two concepts: 1) Undernutrition and 
2) Nutrition surveillance. The search was limited to children under five and the 
period considered started in 1980.  Languages included English and French. Articles 
had to assess whether the changes or trend observed at population level were 
statistically significant. All study designs were included.  
 
Results: A total of 4563 articles were retrieved from the electronic database search. 
Most articles (3137, 89%) were not directly relevant based on title and abstract; 39 
articles were reviewed in full. A total of 17 articles met the inclusion criteria and an 
additional 4 papers were added after snowballing. A number of measures and 
indices such as weight, weight-for-height/length, triceps skinfold and middle-upper 
arm circumference performed well in the detection of short term changes in the 
nutritional situation of a population.  Height/Length-for-age responded the most to 
long term change. Applying a standard set of criteria (simplicity, acceptability, cost, 
independence of age, reliability and accuracy) to determine which is the most 
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appropriate measure or index identified middle-upper arm circumference as the 
one with the greatest net benefits. 
 
Conclusion: Limited available evidence suggests that mid-upper arm circumference 
is the best measure to detect short term changes in the nutritional state of a 
population: this should receive higher priority in surveillance systems. 
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2.1 Introduction  
 
Undernutrition is a major public health issue highlighted by the 2015 Sustainable 
Development Goals, target 2.2 aspiring to end hunger by 2030 1.  United Nations 
Children's Emergency Fund’s (UNICEF) latest report on the State of the World’s 
Children 2 estimates that nearly half of all deaths in children under 5 are 
attributable to under-nutrition: this translates into the about 3 million young lives a 
year.  
 
On-going surveillance is an essential instrument for the detection ofnutritional stress in 
a population, whether caused by natural or conflict related hazards. It is key to the 
planning of interventions. It provides information on trends and allows 
interpretation of malnutrition prevalence as compared to expected seasonal 
changes, i.e. what is normal for that population at that time of the year, and/or, in 
the absence of baseline data, to determine arbitrary benchmarks for gravity of the 
nutritional situation3-5.  
 
Methodologies used by nutritional surveillance systems vary across different 
settings, organisations and even within the same country 6, 7. They usually rely on 
repeated cross-sectional anthropometric surveys 8-10. They can also use clinic-based 
monitoring or sentinel sites selected to represent a particular population with 
specific livelihood systems or areas where the population is most at risk [10]. 
Common national surveys include government led Demographic and Health Surveys 
(DHS) and UNICEF’s Multiple Indicator Cluster Surveys (MICS) that are conducted in 
approximately 100 countries every three to ten years 11, 12. Many organizations also 
routinely use the Standardized Monitoring and Assessment of Relief and Transitions 
(SMART) methodology to conduct surveys at camp, district, regional or national 
level 13.  
 
Children under five years are more at risk of malnutrition and more vulnerable to 
external shocks. It is therefore common practice to use the nutritional status of the 
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under-5-years population to draw conclusions about the situation of the whole 
population 14. Commonly used anthropometric indices or measurements for 
nutrition surveillance are: weight-for-height/length (WFH/L) (wasting); Mid-Upper 
Arm Circumference (MUAC)acute malnutrition; Oedema (Oedematous 
malnutrition, also known as kwashiorkor); height/length-for-age (L/HFA) (stunting) 
and weight-for-age (WFA) (underweight) (table 1). Other less common indices or 
measurements include weight, height, birth weight, MUAC-for-Age, triceps skinfold 
thickness (TSF), TSF-for-Age, subscapular skinfold (SSF), head circumference and 
Muscular Circumference (MC) (MC=MUAC-π x TSF). To calculate nutritional indices, 
e.g. WFH/L, L/HFA and WFA, child’s anthropometric measurements are compared 
to a well-fed, healthy reference population (main ones being the Harvard Growth 
curves in the 60s, the National Centre for Health Statistics (NCHS) reference 
distribution from 1978, the 2000 US Centers for Disease Control and Prevention 
(CDC) growth charts and the World Health Organisation (WHO) standards from 
2006). The child’s measurement deviation from the central values of this 
distribution, as percentage of the reference median or standard deviations (SD or Z-
scores) below or above the reference mean have been used as estimates of 
anthropometric status. Measurements are then used directly or are compared to a 
specific threshold (e.g. MUAC< 115mm is used to diagnose severe acute 
malnutrition). Table one presents the most commonly used measurement and 
indices in children under five.  
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Table 1: Common anthropometric measurements and indices in children under 
five 
Index 
Nutritional problem 
measured 
Indicator 
Weight-for-
Height/Length 
(WFH/L) 
Severe wasting  WFH/L < -3 SD 
Moderate wasting  WFH /L< -2 SD and WFH /L≥ -3 SD 
Global wasting  WFH/L < -2 SD 
Height/Length-for-age 
(H/LFA) 
 
Severe stunting  H/LFA < -3 SD 
Moderate stunting H/LFA < -2 SD and H/LFA ≥ -3 SD 
Global stunting H/LFA< -2 SD 
Weight-for-age  
(WFA) 
 
Severe underweight  WFA < -3 SD 
Moderate underweight  WFA < -2 SD and WFA ≥ -3 SD 
Global underweight WFA < -2 SD 
Measurement 
Nutritional problem 
measured 
Indicator 
MUAC 
Severe Actue 
Malnutrition (SAM)   MUAC<115 mm 
Global Acute 
Malnutrition (GAM)   MUAC<125 mm 
Oedema 
Oedematous 
malnutrition 
 
Bilateral oedema below the ankles: + 
Bilateral oedema up to knees: ++ 
Bilateral oedema up to arms and 
higher:+++ 
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Nutritional surveillance generally measures point estimates/prevalence or 
incidence of malnutrition.  However, treating nutritional indices as continuous 
variables can also give very useful information on trends and gravity levels; for 
example, a decrease in the mean and distribution of WFH, MUAC or weight  has 
been recognised as a sign of a worsening nutritional situation 15-17.  
Though they are commonly used, there is a very limited direct evidence-based 
exploring the usefulness of the different indices at detecting change in nutritional 
status of a population. This review aims to 1) compare the performance of the 
different anthropometric indices/measurements in the detection of change in the 
nutritional situation at population level (long term i.e. over a year and short term 
i.e. few months/season) and 2) discuss their properties and appropriateness for use 
in a surveillance system. 
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2.2 Methodology  
 
This systematic literature review considered peer-reviewed and grey literature. 
Evidence was compiled from standard electronic databases, websites and 
snowballing (reference list from relevant primary studies and review articles).  
 
 
Exclusion criteria 
 
The search excluded paper on adults and adolescents and was limited to children 
under five. Articles prior to 1980 were not considered.  Languages included English 
and French. Articles had to assess whether the changes or trend observed at 
population level were statistically significant. All study designs were included.  
 
Search strategy 
 
The peer-reviewed literature search was conducted using Embase, Global Health 
and Medline. The search was performed in November 2015 by a single reviewer 
using the following terms to capture two concepts: 1) Undernutrition: ((arm or 
midarm or mid-arm or mid-upper arm) and circumference) or MUAC or weight-for-
height or weight-for-length or WHZ or WHM or weight- for- age or WAZ or height- 
for-age or length-for-age or HAZ or kwashiorkor or oedema or WAM or HAM or 
weight or height or anthropometry or anthropometric indices or anthropometric 
indicators or stunting or wasting or acute malnutrition or marasmus or underweight 
AND 2) Nutrition surveillance: Nutrition$ assessment or nutrition$ survey or 
nutrition$ surveillance or nutrition$ situation or malnutrition prevalence or 
nutrition$ monitoring or nutrition$ screening or nutrition$ evaluation or nutrition$ 
early warning system or nutrition$ change or nutrition$ variation or nutrition$ 
impact or season$ change or season$ variation.  
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Grey literature undertaken by searching the following websites: Emergency 
Nutrition Network (ENN), The United Nations System Standing Committee on 
Nutrition and the Community-based Management of Acute Malnutrition (CMAM) 
forum 18-20.  
 
 
Data extraction, analysis and reporting 
 
Returned citations were downloaded to Endnote software and a five-stage 
screening process applied (see Figure 1). Articles that met the inclusion criteria 
were selected and data abstracted in an excel sheet. The following data were 
extracted from each paper: i) study authors, ii) year; iii) study country and collection 
period, iv) setting, (v) type of study, vi) sample size, vii) age group, viii) independent 
variables, ix) dependent variables, x) reference and unit, xi) outcome of the study. 
The outcome of the study included prevalence, means and Odd Ratios (OR) with 
associated p-values. Descriptive analysis was used and the systematic review 
methodology adheres to the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) statement21. We did not register the review protocol and 
this review does not include a bias analysis. Papers included were too different to 
be able to do a synthesis and very few of them had as objective to assess 
performance of different anthropometric measurements or indices in the detection 
of change in the nutritional status of the study population. 
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2.3 Results and discussion  
 
Performance of nutritional measurement/indices to detect changes in nutritional 
situations 
 
A total of 4563 articles were retrieved from the electronic database search (1837 
articles from Embase, 1102 from articles Global Health and 1624 articles from 
Medline) out of which 1033 duplicates were excluded leaving 3530 articles to 
review. A large majority of articles (3137, 89%) were found out of topic and 39 
articles were left for full review. A total of 17 articles met the inclusion criteria. All 
potential articles found in the grey literature had been published and therefore 
included in the above search. An additional 4 papers were added after snowballing. 
A total of 21 articles were included in this review. Figure 1 flow diagram 
summarises the search. 
 
Over half of the articles included were published in the 2000s (12, 57%), a fifth (4, 
19%) in the 90s and a quarter (5, 24%) in the 80s which translates recent interest in 
the topic. Although the African continent is overrepresented (52% of studies), we 
believe this does not affect the generalisability of the findings as we are interested 
in the capacity to detect change within the same population. Most studies were 
conducted in rural areas (15, 71%) while few were implemented in urban (3, 14%) 
or both urban and rural (3, 14%) settings. Different types of design were used to 
conduct the studies included which made it difficult to compare outcomes. 
Longitudinal (9, 43%) and repeated cross sectional studies (7, 33%) were the 
predominant types. Most studies examined the effect of seasonality on 
malnutrition (17, 80%). Different sets and numbers of dependent variable as well as 
different references and types of analysis were used which made comparison and 
generalisations difficult. The main dependent variable analysed was weight-for-
height/length (18, 86%) followed by weight-for-age (13, 62%), height/length-for-
Age (13, 62%) and mid-upper arm circumference (6, 29%). Most studies included 
three or more dependent variables. Half (10, 50%) of the analysis treated 
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dependent variables as continuous (mean) and binary (prevalence). Just over half of 
the analyses (11, 55%) used the NCHS reference and Z-score was the most common 
unit (14, 67%) (Table 2). The detailed characteristics of each study can be found in 
the extraction sheet table 3(at the end of the chapter). 
 
 
 
 
Figure 1: Search flow diagram 
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Table 2: Characteristics of the studies included (N=21) 
Continent6 N (%) 
     Africa 11 (52) 
     Asia 9 (43) 
     Latin America 1(5) 
Setting N (%) 
     Rural 15 (71) 
     Urban 3 (14) 
     Both 3 (14) 
Type of study N (%) 
     Longitudinal study  9 (43) 
     Repeated cross-sectional studies 7 (33) 
     Cohort 3 (14) 
     Secondary data analysis  1(5) 
     Growth monitoring data (health centre) 1(5) 
Age group N (%) 
     0 to 59 months 4 (19) 
     6 to 59 months 4 (19) 
     12 to 59 months 3 (14) 
     6 to 36 months 2 (10) 
     Other7  8 (38) 
Independent variable N (%) 
     Seasonal change 17 (81) 
     Devaluation of CFA franc  1(5) 
     Drought and financial crisis 1997/1998 1(5) 
     Herd dynamic, food, biophysical and 
seasonality  
1(5) 
     Seasonal change and change over the years 1(5) 
Dependent variable N (%) 
     WFHL 18 (86) 
     WFA 13 (62) 
     H/LFA 12 (57) 
     MUAC 7 (33) 
     Weight 7 (33) 
     Height 7 (33) 
     MUAC-for-Age 3 (14) 
     Other8  6 (29) 
Number of dependent variables N (%) 
     One 4 (19) 
     Two 1(5) 
                                                 
6
 Africa: 2 in Ethiopia, 2 in Kenya and 1 in each of the following: Chad, Congo, Malawi, Niger, 
Senegal, Zimbabwe; Asia: 4 in Bangladesh and 1 in each of the following:  India, Indonesia, Vietnam, 
West Timor, Nepal; South America: Peru 
7
 0 to 36 months, 6 to 36 months, 6 to 72 months, 0 to 50 months, 6 to 24 months, 12 to 36 months, 
24 to 59 months, 6 months to 10 years  
8
 Body Mass Index (BMI), Head Circumference (HC), Triceps SkinFold (TSF), TSF-for-Age,  Subscapular 
SkinFold (SSF), Muscle Circumference (MC), birth weight 
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     Three 8 (38) 
     Four  1(5) 
     Five  4 (19) 
     Six + 3 (14) 
Variable treatment N (%) 
     Change in mean and prevalence of indice(s) 10 (48) 
     Change in mean indice(s) 7 (33) 
     Change in prevalence of indice(s) 6 (29) 
Standard  N (%) 
     NCHS  11 (52) 
     WHO 7 (33) 
     Harvard 2 (10) 
     CDC-2000 1(5) 
Unit N (%) 
     Z-score  14 (67) 
     % median 5 (24) 
     % of median & Z-score  2 (10) 
HH, Household; WFH, Weight-For-Height; WFL, Weight-For-Lenght;  HFA, Height-for-Age; LFA, 
Lenght-for-Age WFA, Weight-for-Age; MUAC, Middle-Upper Arm Circumference; NCHS, National 
Center for Health Statistics;  WHO, World Health Organisation; CDC, Centers for Disease Control and 
Prevention 
 
 
Table 4 (at the end of the chapter) presents the summary of the study outcome for 
each measurement/index. Means and/or prevalence of the measurement and/or 
indices examined in the 21 papers generally varied significantly between seasons or 
before/after external hazards. Few studies showed no or few differences. Egata et 
al22 showed no difference in mean WFH and mean MUAC. They argued that good 
food security was common regardless of the seasonal variation. Huong et al23 found 
no change in weight, height, WFA, H/LFA and WFH/L but the small sample sizes 
(around 200 children 24 to 59 months) involved as well as the design of the study 
(repeated cross sectional studies) were not ideal to detect differences.  Loutan et 
al24 showed no differences in WFH and MUAC but had a very small sample size 
(around 30 children under five years).  
 
Out of the 21 studies included, 4 (19%) compared the change in mean and/or 
prevalence of several measurements/indices. Benefice et al25 presented variations 
of mean MUAC, WFH, TSF and MC in a longitudinal study in rural Senegal. Mean 
                                                                             CHAPTER 2: LITERATURE REVIEW                                     
                                                                                                                          
54 
 
WFH/L was the only index that was not changing significantly and TSF showed the 
largest differences. Briend et al15 examined the effect of seasonal change as well as 
the change between the first two years of the study and the last two on weight, 
WFA, H/LFA, WFH/L, and MUAC. This study revealed that Weight, MUAC and WFH 
were the nutritional indices that changed the most between seasons. Mean H/LFA, 
WFA and MUAC were significantly higher during last 2 years. This was more 
pronounced for HFA. In a study assessing the fluctuations of the mean weight, 
height increment, WFA, HFA, WFH, MUAC-for-Age and TSF-for-Age, Brown et al26 
found that TSF-for-Age had the greatest seasonal change. WFA and MUAC-for-Age 
followed the same patterns and magnitude while WFH had greater range but 
similar coefficient of variation as MUAC and smaller than WFA. Finally, Garenne et 
al27 study looked at seasonal changes of mean WFA, WFH, MUAC, TSF, weight, 
height, BMI, MC, SSF and HC. The highest contrast value was observed for mean 
MUAC which made it the best measurement for the detection of short term 
changes. Mean weight, height and head circumference had the highest 
responsiveness. Responsiveness was defined as a measure of the change over a 
semester compared with the variation of the indicator in the population (change 
divided by the standard deviation of the same indicator). These indices were the 
most appropriate to monitor growth velocity of children in a stable situation (Table 
4). 
 
Unsurprisingly, H/LFA was mainly out of phase compared to other measures of 
undernutrition and was a good measure of long term change (Briend et al15,  Brown 
et al26, Huong et al23, Marin et al28, Martin-Prevel et al29, Miller et al30, Panter-Brick 
et al31) (Table 4).  
 
The capacity to detect change in the nutritional status of the population did not 
seem to differ whether the anthropometric measurements/indices were treated as 
continuous or binary. However, the sample size requirement differs whether 
assessing the mean of a continuous variable or looking at the prevalence of a binary 
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variable. Using means allows for smaller sample size which has important 
implications in terms of logistics, costs and timeliness. This was confirmed in Briend 
et al paper. 
Appropriateness for use in surveillance systems 
In addition to its responsiveness to nutritional stress, a number of important criteria 
need to be taken into account to identify the most appropriate and relevant 
measure or index to be used to detect changes:  simplicity, acceptability, cost, 
independence of age, reliability and accuracy, sensitivity and specificity 32.   
Simplicity: Any index that includes an age component requires that age be 
ascertained accurately and it is widely acknowledged that determining age correctly 
is problematic in many developing countries 33-36. The use of multi-component 
indices (i.e. WFA, HFA, WFH, MUAC-for-Age, TSF-for-Age) is usually more complex 
33, 37. Moreover, transporting and carrying weight scales as well as height/length 
board is more logistically challenging than for MUAC tapes. 
 
Acceptability: The measurement of weight, height and MUAC is widely accepted 
and commonly performed in nutrition surveillance and interventions. A study 
reported that younger children tended to become upset and agitated during both 
weight and height measurement but not during MUAC measurement 37. TSF index 
is not currently used for surveillance or programming and would probably not be as 
acceptable as the measures above as it requires the measurement of the width of a 
fold of skin taken over the triceps muscle using a skinfold caliper.   
 
Cost: The measurement of height and weight requires fairly costly equipment 37-39 
while the MUAC tool – a tape measure –  is cheap and easy to transport. A caliper is 
also relatively costly and may be harder to procure. 
 
Independence of age: One way to ascertain age-independence is to adjust indices 
for age (i.e. WFA, HFA, MUAC-for-Age) but the issue of the accuracy of age remains. 
MUAC is relatively age and sex independent among 1-5 year olds32, 37, 40-43 as well as 
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WFH 39, 44. It was also shown that MUAC alone, without correction for age, was a 
better predictor of death than indices based on height, weight and age 41-43, 45. 
 
Reliability and accuracy: Although weight and height alone were shown to be more 
precisely measured 46-49, it was reported that MUAC has a better reliability than 
WFH and shows better performance in screening programmes 50. It was also shown 
that in field conditions, minimally trained workers make fewer and smaller errors in 
screening children with MUAC than with WFH 37.  Indices usually require finding 
values in tally sheets or calculations that can lead to further errors. A recent paper 
shows that MUAC is more reliable than WFH 51 and another that MUAC 
outperforms weight-based measures of nutritional status in children with diarrhoea 
52.  It was also shown to be less affected by dehydration than WFH 53. As mentioned 
above, any index requiring the age (i.e. WFA or HFA) of the child is likely to be less 
accurate. 
Sensitivity and specificity (to mortality): MUAC is increasingly recognised as a very 
useful index of nutritional status 50. There is a consensus that MUAC is a better 
predictor of mortality than WFH 40, 45, 54-60 and it was recently reported that using 
MUAC alone is preferable for identifying high-risk malnourished children 61.  
Table 5 summarises the characteristics of all relevant measures and indices 
reviewed. We focus on measures and indices that are currently in use in nutrition 
programming and nutrition surveillance (i.e. we did not discuss TSF, TSF-for-Age, 
MUAC-for-Age, MC, birth weight). Table 5 highlights the advantages of using MUAC 
over other measures or indices detecting short term changes.  
These findings are consistent with the increasing interest in MUAC-only nutrition 
programming and use for admission and discharge to feeding programmes 62-66. 
This concordance makes the findings of this review applicable and of interest to 
international policy makers and programme managers. 
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Table 3: Characteristics of measures and indices 
Measure or 
index 
Detect short 
term change 
Detect long 
term change 
Simplicity Acceptability Cost 
Independence 
of age 
Reliability and 
accuracy 
WFH/L +++ ++ + +++ ++ ++ + 
WFA ++ ++ + +++ ++ +++ + 
H/LFA ++ +++ + +++ ++ +++ + 
MUAC +++ ++ +++ +++ +++ ++ ++ 
WFA, Weight-For-Age; H/LFA, Height/Length-For-Age; WFH/L, Weight-For-Height/length; MUAC, 
Middle Upper Arm Circumference;  
+++ = Good; ++ = Fair ;  +=Poor 
 
 
Limitations 
We acknowledge the limitations to our review, the most important being:  
1) Great heterogeneity (population; setting; study design; methods; time 
periods; primary research question) between the studies found: this makes 
it difficult to carry out any quantitative analysis / meta-analysis to compare 
the performance of different measures and indices  
2) A single reviewer performed the search which may have lead to errors or 
omissions 
3) Publication bias: studies that were unable to assess changes or trends at 
population level are less likely to be published 
4) The observational nature of the studies: it is not possible to directly ‘test’ 
the performance of one indicator against another in an interventional study 
5) There is no gold standard measure of population nutritional status. Where 
no change is observed, we cannot know whether there really was no change 
in the population or whether a real change was simply not detected by 
indices used (i.e. not sensitive enough) 
6) We did not look at over-nutrition. MUAC might not be the best index when 
measuring obesity, an increasing problem even in resource poor settings67.  
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Strengths 
Balancing these limitations, a major strength of our review is that we explore a 
highly policy/practice-relevant question using a systematic approach. By 
highlighting the overall limited evidence base we hope to stimulate both more and 
better-quality future research in this area. We also provide a framework whereby 
policy makers and managers can think about the different aspects of indicator 
performance: different indicators may suit different questions and in choosing 
which is ‘best’ it is vital to consider context. Different aspects of malnutrition that 
may be better monitored by different sets of indictors such as in DHS or MICS. The 
measurement or index to use also depends on the nature and intensity of the 
crises. In some crises where diets might still be sufficient to maintain weight but 
have lost adequacy in micronutrient, the change in stunting might be significant but 
not in wasting. This has been the case in recent conflicts 68.  Finally a strength is that 
we highlight an indicator – MUAC  - that is still missing from many major surveys 
such as DHS. This is an important gap given MUAC’s good performance for 
detecting short term changes in population nutritional status. This has major  
implications for early warning systems or other assessments systems which only 
allow for limited field data collection because of time or budget constraints.  
Future research should look at cost-effectiveness and logistics issues of different 
systems as this is critical to successful and sustained large-scale rollout of any 
system. Especially with the large number of SDGs, there is increasing pressure to 
make efficient use of resources.  
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2.4 Conclusion 
A number of measures and indices such as weight, WFH, TSF and MUAC perform 
well in the detection of short term changes in the nutritional situation of a 
population. However, after applying a set of criteria which are critical to successful 
large-scale rollout (simplicity; acceptability; cost; independence of age; reliability; 
and accuracy) MUAC stands out strongly as the best measure to use in nutritional 
surveillance systems to detect short term changes in the nutritional status of a 
population.  
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Table 4: Extraction sheet (N=21) 
Author Year Country Setting Type of study 
Data collection 
period  
Sample 
size 
Age 
Independent 
variables 
Dependent 
variable 
Standard  Unit 
Baigari, R.  1980 Bangladesh Rural 
Longitudinal 
study 
Aug 1974 - Nov 
1975 
376, 326 
and 356  
12-36 m 
Seasonal 
change 
WFA Harvard  % median  
Bechir, M. et al 2010 Chad Rural 
Repeated cross-
sectional studies 
May/June 2007 
and October 
2007 
653, 644 
and 579, 
539 
0-59 m 
Seasonal 
change 
WFH WHO  Z-score 
Benefice, E. et al 1984 Senegal Rural 
Longitudinal 
study 
March 1980, 
Aug/Sept 1980, 
Jan/Feb 1981, 
June 1981 
114, 106, 
88 and 90 
12-59 m 
Seasonal 
change 
MUAC,  MC, TSF, 
WFH 
NCHS   % median  
Block, S. A. et al 2003 Indonisia Both 
Repeated cross-
sectional studies 
1997/98. 
Repeated every 
3 months 
approx 
From 
5450 to 
10553 
0-59 m 
Drought and 
financial crisis 
1997/1998 
WFA, WFH NCHS  Z-score 
Branca, F. et al 1993 Ethipia Rural 
Longitudinal 
study 
May 1987 - 
June 1988 
60 for 
WFH, 40 
for HFA in 
0-59 
0-59 m 
Seasonal 
change 
Height increment, 
WFH/L, H/LFA 
NCHS  Z-score 
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Briend, A. et al 1989 Bangladesh Rural 
Longitudinal 
study 
Dec 1984-Dec 
1987 
413 
average 
(351 - 
514) 
6-36 m 
Seasonal 
change & 
change over 
the years 
Weight, WFA, 
H/LFA, WFH/L, 
MUAC  
NCHS 
% median & 
Z-score 
Brown, K. et al 1982 Bangladesh Rural 
Longitudinal 
study 
April 1978 - 
June 1979  
174 6-59 m 
Seasonal 
change 
% expected 
Weight & 
Height/leng th 
gain, WFA, H/LFA, 
WFH/L, MUAC-for-
age and TSF-for-
age 
NCHS  % median  
Chikhungu, L. C. et al 2014 Malawi Both 
Repeated cross-
sectional studies 
March 2004 - 
Feb 2005 
4012 and 
2675  
6-59 m 
Seasonal 
change 
WFH/L, WFA, HFA  WHO  Z-score 
Egata, G. et al 2013 Ethiopia Rural 
Longitudinal 
study  
July 2010 - Feb 
2012  
2132 6-36 m 
Seasonal 
change 
Weight, WFH/L, 
MUAC  
WHO  Z-score 
Garenne et al 2012 Senegal Rural Cohort 
May 1983 - 
Nov 1983 - 
May 1984 - 
Nov 1984 
775, 988 
and 1040 
6-23 m 
Seasonal 
change 
Weight, length, 
HC, MUAC, TSF, 
SSF, MC, BMI, 
WFA, WFH/L 
CDC - 
2000 
 Z-score 
Hillbruner, C. et al 2008 Bangladesh Urban 
Repeated cross-
sectional studies 
Aug 2002, Feb 
2003 and 
Aug/Sept 2003 
185 6-72 m 
Seasonal 
change 
% expected 
growth, WFH/L, 
H/LFA   
WHO  Z-score 
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 Huong, L. T. et al 2014 Vietnam Rural 
Repeated cross-
sectional studies 
March, June, 
Sept, Dec 2012 
195, 237, 
196 and 
225 
24-59 m 
Seasonal 
change 
 Height, weight, 
WFH/L, 
WFA,H/LFA 
WHO  Z-score 
Loutan, L. et al 1984 Niger Rural Cohort 
Aug 1980 - 
Sept 1981 
29 and 32 
12-59 m 
and           
0-59 m 
Seasonal 
change 
WFH/L, MUAC, 
TSF 
Harvard  % median  
Marin, C. M. et al 1996 Peru Urban 
Longitudinal 
study 
Jan 1987 - Oct 
1993 
Min 100 
per 
month, 
4023 to 
7946 per 
year 
0-35 m 
Seasonal 
change 
WFH/L, WFA, 
H/LFA 
NCHS  Z-score 
Martin-Prevel, Y. et al 2000 Congo Urban 
Repeated cross-
sectional studies 
1993 then 
1996 
2581 and 
1576 
4-23 m 
Devaluation of 
CFA franc  
Birth weight, 
WFH/L, H/LFA 
NCHS  Z-score 
Meshram, I. I. et al 2014 India Rural 
Repeated cross-
sectional studies 
June/Sept 
2007, Oct/Jan 
and Feb/May 
2008 
833, 527 
and 555 
children 
12-59 m 
Seasonal 
change 
WFH/L, WFA, 
H/LFA 
WHO  Z-score  
Miller, J. et al 2013 West Timor Rural 
Nested cohort in 
cross-sectional 
survey 
March 2010 - 
Nov 2010  
80 
6 to 59 
months 
Seasonal 
change 
WFH/L, H/LFA, 
WFA, MUAC-for-
age , TSF-for-age 
WHO  Z-score 
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Mude, A. G. et al 2006 Kenya Rural 
Secondary data 
analysis  
Feb 2000 - May 
2005 
between 
17 and 58  
6-59 m 
herd dynamic, 
food, 
biophysical and 
seasonality  
MUAC  NCHS  Z-score 
Panter-Brick, C. 1997 Nepal Rural 
Longitudinal 
study 
1982 (8 
rounds: 
Feb/march to 
Sept/Oct) 
53 to 71 0-50 m 
Seasonal 
change 
Weight, Height, 
WFH/L, WFA, 
L/HFA 
NCHS  Z-score 
Shell-Duncan, B.  1995 Kenya Rural 
Longitudinal 
study 
From feb 1990 
to Jan 1991 
54 6 m-10 y 
Seasonal 
change 
Weight, Height, 
MUAC, BMI, 
WFH/L, MUAC-for-
Age, WFA, H/LFA 
NCHS  
% median & 
Z-score 
Wright, J. et al 2001 Zimbabwe Both  
Growth 
monitoring  
Jan 1988-
March 1993 
and Jan 1994-
Dec 1995 
50 
districts 
0-59 m 
Seasonal 
change 
WFA NCHS  % median 
 WFA, Weight-For-Age; HFA, Height-For-Age; WFH, Weight-For-Height; MUAC, Middle-Upper Arm Circumference BMI, Body Mass Index; HC, head circumference; TSF, 
Triceps skinfold; SSF, subscapular skinfold; MC, muscle circumference; NCHS, National Centre for Health Statistics; CDC, Centers for Disease Control and Prevention; WHO, 
World Health Organisation  
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Table 5: Outcome of the studies included (N=21) 
Author 
WFA H/LFA WFH/L MUAC MUAC/A TSF TSF/A W H BMI MC SSF HC BW 
Mean % Mean % Mean % Mean % Mean % Mean % Mean Mean Mean Mean Mean Mean Mean Mean 
Baigari, R.  + + 
                  
Bechir, M. et al 
     
+ 
              
Benefice, E. et al 
    
- 
 
+ 
   
+ 
     
+ 
   
Block, S. A. et al + 
   
+ 
               
Branca, F. et al 
  
+ 
 
- 
         
+ 
     
Briend, A. et al  -/+ -/+ + + + + + + 
     
+ 
      
Brown, K. et al - 
 
+ 
 
+ 
   
+ 
   
+ + + 
     
Chikhungu, L. C. et al 
 
+ 
 
+ 
 
- 
              
Egata, G. et al 
    
- + - 
      
+ 
      
Garenne et al + 
   
+ 
 
+ 
   
+ 
  
+ + + + - - 
 
Hillbruner, C. et al 
  
+ + + + 
        
+ 
     
 Huong, L. T. et al - - - - - - 
       
- - 
     
Loutan, L. et al 
     
- 
 
- 
   
+ 
        
Marin, C. M. et al + 
 
- 
 
+ 
               
Martin-Prevel, Y. et al 
  
+ + + + 
             
+ 
Meshram, I. I. et al + + + + + + 
              
Miller, J. et al + 
 
- + + + 
  
- 
   
+ 
       
Mude, A. G. et al 
      
+ 
             
Panter-Brick, C. + + + + + + 
       
+ + 
     
Shell-Duncan, B.  
 
- 
 
+ 
 
+ + 
  
+ 
   
+ + + 
    
Wright, J. et al 
 
-/+ 
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+, Statistically significant change;- No statistically significant change; WFA, Weight-For-Age; H/LFA, Height/Length-For-Age; WFH/L, Weight-For-Height/Length; MUAC, 
Middle-Upper Arm Circumference; ; TSF, Triceps skinfold; W, Weight; H, Height BMI, Body Mass Index; MC, muscle circumference; SSF, subscapular skinfold; HC, head 
circumference; BW, Birth Weight 
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 Chapter 3 – Description of source data for the thesis and data 
management 
 
This chapter describes the different steps undertaken to fulfil objective 1 of this 
thesis, namely to assemble a large database of nutritional surveys from different 
settings in order to enable analyses, including testing the assumptions for the 
proposed method and the validation of the method through statistical simulation 
approaches.   
 
This chapter describes data collection, data management, the creation of the 
database used for this thesis as well as the additional variables generated for the 
analysis. 
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Description of source data for the thesis and data management 
 
3.1 Assembling a large survey database 
 
Data sources 
 
Several organisations were contacted to obtain the datasets required. The 
organisation approached were the main actors in the field of nutrition. There was 
no specific number of surveys to obtain but the goal was to acquire as many as 
possible and to include as many countries and regions as possible. Memorandums 
of Understanding were signed with six organisations that agreed to share data: 
UNICEF, Food Security and Nutrition Analysis Unit (FSNAU), Medecin Sans Frontiere 
(MSF), Action Contre la Faim (ACF), Concern Worldwide (Concern) and Goal. A total 
of 1068 cross-sectional survey datasets were collected from October 2011 to July 
2012.  
 
Data management 
 
Eligible datasets had to have one row per individual child-observation, and include: 
location, date, cluster, sex, age, Middle-Upper Arm Circumference (MUAC), 
oedema, weight and height. Meta-data required for each survey included region, 
country, livelihood zone and residence status. The formats of the datasets shared 
included Excel, Emergency Nutrition Assessment (ENA) formats, SPSS, STATA, and 
text files. Part of the meta-data information was only included in the survey reports 
and the variables for livelihood and residence were mostly added by consulting 
survey reports or, where relevant, maps of livelihood zones produced by famine 
early warning systems. All the files were transferred into R and STATA 13 software. 
The World Health Organisation’s (WHO) “Child Growth Standards” package1 was 
used to re-calculate all Weight-For-Height (WFH), Weight-For-Age (WFA) and 
Height-For-Age (HFA) indices that were added to the main database.  
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Of the 1068 cross-sectional surveys collected, 852 surveys were included (figure 1). 
Datasets were excluded if any of the required variables was missing. Other 
exclusion criteria included corrupted files, duplicates, number of cluster under 25 
for cluster sample surveys (it was shown that cluster sample surveys should include 
a minimum of 25 clusters to be statistically representative 2, 3) and a quality score 
less than 0 (see section 3 below for details on how the quality score variable was 
created). Low quality score above 0 were kept in order to represent as much as 
possible data collected in the field. Surveys with a low quality score above 0 were 
kept in order to include as many datasets as possible and to reflect the reality of 
data quality. A large majority of the surveys included were cluster sample surveys 
(797, 93.5%) while a small proportion were exhaustive surveys (55, 6.5%).  
 
The 852 surveys contained 694 108 child observations of which 25 134 presented 
highly improbable values or missing values and were excluded from the analysis 
leaving 668 975 children eligible for analysis. Highly improbable values for WFH, 
WFA and HFA were defined using WHO standard flags: WFA<-6.0 SD or WFA>+5.0 
SD; HFA<-6.0 SD or HFA>+6.0 SD and WFH<-5.0 SD or WFH>+5.0 SD. There is no 
standard for MUAC “extreme” values and a minimum of 85 mm and maximum of 
200 mm was used after consultation with expert in the field (see Figure 1).  
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Figure 1: Data management 
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3.2 Description of the data 
 
Table 1 and 2 below describe the variables included in the meta-database as well as 
the children database. 
 
Table 1: Description of the meta-database 
Variable  Format and coding 
Cluster Integer 
Date               Integer, month/year 
Region                
Character: East Africa, West Africa, Central & Southern Africa 
Caribbean, Asia 
Country Character: 38 countries see annex II 
Livelihood      Character: Agriculture, Agro-pastoral, Pastoral, Other 
Residence Character: Rural, Urban, Displaced, Other 
 
 
Table 2:  Description of the children database 
Variable  Format and coding 
Gender                  1=Male, 2=Female 
Age                    Integer; month 
Oedema                  0=No, 1=Yes 
Height                 Fixed decimal (1 decimal place); cm  
Weight                 Fixed decimal (1 decimal place); kg  
MUAC                 Integer; mm 
Weight-for-Age Numeric; Z-scores 
Height-for-Age Numeric; Z-scores 
Weight-for-Height Numeric; Z-scores 
 
 
Surveys were conducted in 38 different countries (annex 1 presents the number of 
surveys per countries) from 1992 to 2011, with 95% of them from 2000 (Figure 2). 
The sample size of the surveys varied from 122 to 3491 children. The mean sample 
size was 785 and the median was 815. Before the development of the Standardized 
Monitoring and Assessment of Relief and Transitions (SMART) methodology for 
anthropometric and mortality surveys4, most nutritional surveys were conducted 
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using a 30 by 30 cluster survey approach which translates into a large number of 
surveys with a sample size close to 900 children (Figure 3). 
 
 
 
 
 
Figure 2: Number of surveys over time 
 
 
 
 
Figure 3: Distribution of sample sizes 
 
 
0 
20 
40 
60 
80 
100 
120 
140 
160 
180 
Histogram of sdDF$a_freq
Sample size
N
u
m
b
e
r 
o
f 
s
u
rv
e
y
s
0 500 1000 1500 2000 2500 3000 3500
0
2
0
4
0
6
0
8
0
1
0
0
N
u
m
b
er
 o
f 
su
rv
ey
s 
                                                              CHAPTER 3: DATA SOURCE AND MANAGEMENT                                     
                                                                                                                          
79 
 
Table 3 describes the surveys included in the analysis. A large proportion of the 
surveys (554) were conducted in East Africa including 187 Surveys from FSNAU 
Somalia were included in the database. The majority of the surveys were 
agriculture or agro-pastoral livelihood zones (41.2 % and 28.9 % respectively) and a 
smaller proportion in a pastoral zone (14.4 %). The “other” category includes 
fishing, riverine and mixed livelihood zones. Most of the surveys were conducted in 
rural areas (64.6 %).  
 
The proportion of males and females was roughly the same. The different age 
categories are unevenly represented especially for the 24-29, 36-41 and 42-47 
months old age categories (Table 4). 
The prevalence of Global Acute Malnutrition (GAM)  observed overall, according to 
MUAC varies a lot across surveys. GAM  varied from 1 to 47.7% and Severe Acute 
Malnutrition (SAM)  from 0% to 14.7%. Figure 4 shows the distribution of SAM  and 
GAM  prevalence measured with MUAC measure alone. 
 
 
Table 3: Description of the surveys 
 
Region Number of surveys (%) 
East Africa  554 65.0 
West Africa 97 11.4 
Central & South Africa  128 15.0 
Caribbean 13 1.5 
Asia 60 7.0 
Livelihood Number of surveys (%) 
Agriculture 351 41.2 
Agro-pastoral 246 28.9 
Pastoral 123 14.4 
Other 132 15.5 
Residence status Number of surveys (%) 
Rural 550 64.6 
Urban 66 7.8 
Displaced 145 17.0 
Other 91 10.7 
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Table 4: Characteristics of the children 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
  
Figure 4: Distribution of SAM  (MUAC<115mm) (left) and GAM  (MUAC<125mm) 
(right) prevalence 
Age in 
months N % 
6-11 68 385 10.2 
12-17 78 747 11.8 
18-23 71 440 10.7 
24-29 92 321 13.8 
30-35 64 901 9.7 
36-41 92 588 13.8 
42-47 86 746 13.0 
48-53 57 492 8.6 
54-59 56 355 8.4 
Total 668 975 100 
Sex N % 
Female 331 932 49.5 
Male 337 043 50.5 
Total 668 975 100 
% % 
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3.3 Variables created for data analysis 
 
Several variables were created for the analysis (Table 5):  
 
-  Quality score based on the digit preference of MUAC. The digit preference (score) 
variable was calculated as follow:  
Score=1-Σ Abs|0.1-pα| 
Where pα is the proportion p of each digit α from 0 to 9. 
 
Assuming that the proportion of measurements ending with 0, 1, 2, 3, 4, 5, 6, 7, 8, 9 
should equal 10% and therefore that the highest score was 1, the lesser the digit 
preference, the higher the score. A score equal or over 0.75 corresponded to a low 
digit preference, and under 0.75 to a high digit preference 
 
- Sampling weight: in analysis across surveys, the sample size could not be used for 
weighting because of varying design, such as exhaustive versus cluster suveys and 
differing numbers of clusters and children per cluster. Instead, the effective sample 
size (sample size/design effect) was used in weighting5. 
Quality scores (based on digit preference) were also considered. There is no clear 
guidance on how to combine variables (effective sampling weight and quality 
scores) into one weight variable.  When using quality weight, the impact on results 
was minimal and the analysis was conducted using effective sampling weight only. 
 
- The normality of the distribution of MUAC using Shapiro-Wilk test6: “normal”. 
Binary variable yes/no presenting  whether the distribution showed significant 
deviation from normal distribution at p-value<0.05.  
 
- The skewness of MUAC as binary (yes/no) using D’Agostino test7 and as 
continuous. Skewness is a measure of the asymmetry of a distribution around its 
mean. The binary variable measured whether the distribution was significantly 
skewed at p-value<0.05.  
                                                              CHAPTER 3: DATA SOURCE AND MANAGEMENT                                     
                                                                                                                          
82 
 
 
- The Kurtosis of MUAC as binary (yes/no) using Anscombe-Glynn test8 and as 
continuous. Kurtosis indicates heavy tails and "peakedness" relative to a normal 
distribution. The binary variable measured whether the distribution was peaked 
significantly at p-value<0.05.  
 
-  Design effect (Deff) of surveys. In a cluster sample surveys, deff quantifies the 
extent to which the expected sampling error in a survey departs from the sampling 
error that can be expected under simple random sampling. 
 
- MUAC standard deviation (MUAC SD). SD is a measure that is used to quantify the 
amount of variation or dispersion of a set of data values around the mean. 
 
- Large sample size: Survey sample size category: large (>900) or small (<900). 
 
- GAM  category: GAM  categories based on MUAC (<5%, 5-9%, 10-14%, ≥15%). 
 
- Date category: date classified before/equal to 2006 or after 2006.  
 
- Coverage: the proportion of SAM /GAM  confidence intervals that contain the 
“true” proportion computed with the classical approach (from the full survey 
dataset. 
 
- Precision:  
Absolute precison: Half the widths of the CIs of the SAM /GAM  estimates. 
Relative precison: (Absolute precision * 100)/Prevalence estimate 
 
-Bias: the estimated prevalence (from proposed method) minus “true” SAM /GAM  
prevalence (from full survey dataset). 
 
- Probability: the probability of classifying GAM  correctly for different thresholds 
(5%, 10% or 15%)  
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The table below describes the variable created for different part of the analysis.  
 
Table 5: Variables created for the analysis 
Variable  Format and coding Objective 
Quality score               Numeric from 0 to 1 (1 decimal place) 1 
Sampling Weight                 Integer 2 - 5 
Deff Numeric (2 decimal places) 2 – 5 
MUAC SD Numeric (1 decimal places) 2 – 5 
Normal 
Skewness (2 variables) 
Kurtosis (2 variables) 
1=Yes; 0=No  
1=Yes; 0=No and Numeric 
1=Yes; 0=No and Numeric 
2 
2 
2 
Large sample size  (n>900) 1=Yes; 0=No 2 
GAM  levels (MUAC)   
Date category  
Coverage           
Precision 
Bias 
Probability 
1=<5%; 2=5-9%; 3=10-14; 4=≥ 15% 
1=before 2006; 2=after 2006 
Numeric (1 decimal place) 
Numeric (1 decimal place) 
Numeric (1 decimal places) 
Numeric (1 decimal place) 
4-5 
4-5 
5 
5 
5 
5 
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Chapter 4 – Is Middle-Upper Arm Circumference “normally” 
distributed? 
 
 
One of the main assumptions behind the proposed method is that Middle-Upper 
Arm Circumference (MUAC) is normally distributed in a large majority of 
populations and settings, or can be transformed mathematically so as to take a 
normal distribution.  
 
This research paper describes the different steps undertaken to fulfil objective II 
“Examine the normality of MUAC distributions; and if necessary apply 
transformations to the data in order to achieve normality”. It assesses the 
normality of the MUAC distribution graphically and statistically and explores 
different smoothing techniques and transformations in order to reach “normality”.  
 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
87 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
88 
 
 
  
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
89 
 
 
 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
90 
 
 
 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
91 
 
 
 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
92 
 
 
 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
93 
 
 
 
 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
94 
 
 
 
 
CHAPTER 4: IS MUAC “NORMALLY” DISTRIBUTED? 
95 
 
 
 
    CHAPTER 5: OMITTING OEDEMA: HOW MUCH AR WE MISSING? 
96 
 
Chapter 5 – Omitting oedema measurement: how much 
acute malnutrition are we missing? 
 
 
In areas where kwashiorkor accounts for a non-negligible proportion of all SAM 
(e.g. parts of West, Central and Southern Africa), the proposed PROBIT Methods 
based on MUAC alone might yield considerable underestimates of SAM and GAM if 
MUAC cut-offs only capture a limited fraction of bilateral oedema cases: the 
overlap between low MUAC and oedema needs to be analysed. If MUAC-based cut-
offs are highly sensitive for oedema, as suggested by one study, the method would 
yield unbiased prevalence estimates, all else being equal; if on the other hand 
sensitivity of MUAC cut-offs for oedema were low, the method would result in 
under-estimation.  
 
This research paper describes the different steps undertaken to fulfil objective III to 
“examine the association between MUAC and bilateral oedema”. It describes 
prevalence estimates from surveys collected; assesses the overlap between 
oedematous malnutrition and wasting overall and per region; and evaluates the 
overall and regional contribution of oedematous malnutrition to prevalence 
estimates.  
 
Supplemental online figures and tables can be found Annex III and IV respectively.  
The paper is also complemented by previous work I had done that looked at the 
sensitivity and specificity of different cut-off points of MUAC in the detection of 
oedema cases by building receiver operating characteristic (ROC) curves (Annex V). 
That work supports finding from this paper: the sensitivity of MUAC cut-offs for 
oedema differs regionally.   
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The reference group was the largest 
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Chapter 6 – Exploration of further method assumptions  
 
 
Chapter 4 and 5 examined the first two assumptions behind the proposed method: 
the normality of MUAC distributions (Objective 2) and the overlap between MUAC 
thresholds and oedematous malnutrition (Objective 3).  
 
 
This chapter assesses the assumptions linked to MUAC SD (Objective 4):  
 
 the variability in MUAC SD from our database of nutritional surveys done in 
crisis settings is representative of the variability that we can expect in the 
future 
 
 MUAC SD is itself not strongly associated with average nutritional status 
 
 within given strata, defined based on region, livelihood status or residence 
status, the standard deviation (SD) of the MUAC normal distribution falls 
within a reasonably narrow range 
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Exploration of further method assumptions  
 
 
Introduction 
 
An important assumption behind the proposed method is that the variability in the 
standard deviation (SD) of the Middle-Upper Arm Circumference (MUAC) from our 
database of nutritional surveys done in crisis settings is representative of the 
variability that we can expect in the future and that MUAC SD is itself not strongly 
associated with average nutritional status. Furthermore, within given strata of the 
world, defined based on region, livelihood status and/or residence status, the SD of 
the MUAC distribution falls within a reasonably narrow range. 
 
The aim of this chapter was to assess the three assumptions above:  
- Describe the MUAC SD over time and discuss its representativeness 
- Assess the association of MUAC with average nutritional status  
- Identify strata that maximise differences in the SD of MUAC across strata and 
minimise differences within strata.  
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Method 
 
 
Please refer to chapter 3 for details on data collection and on the description of the 
database used.  
  
Weighted and un-weighted summary statistics and box-plots of MUAC SD were 
computed overall. The variability of MUAC SD was assessed by plotting box-plots of 
MUAC SD over time and by computing a linear regression with MUAC SD as 
dependent variable and date (categorical) as independent variable. The year 2001 
was used as base as the number of surveys in previous years was very low (2 to 9 
per year).  
 
The association between MUAC SD and Global Acute Malnutrition (GAM)  
prevalence based on MUAC was examined: i) MUAC SD was plotted against GAM ; 
ii) a weighted univariable linear regression was computed with MUAC SD as 
dependent variable and GAM  as continuous independent variable and iii) MUAC SD 
was described for different GAM  categories (<5%; 5-9%; 10-14%; ≥ 15%) using 
summary statistics and box-plots.   
 
Different approaches were used to stratify the database: i) regression trees: 
regression trees are a nonparametric technique that can identify the combination 
of variables and cut-off values for these variables that optimally partition 
observations (in our case, surveys) into the most similar groups possible (i.e. in this 
case into strata with relatively homogeneous SD values). Region, livelihood and 
residence were imputed in the regression. Every possible binary split on every field was 
assessed and the algorithm selected the split that minimized the sum of the squared 
deviations from the mean in the two separate partitions. The package “rpart” was used 
in R to compute the regression trees. The minimum number of observations per 
node in order for a split to be attempted was set to 20 and the complexity 
parameter (any split that does not decrease the overall lack of fit by the complexity 
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factor is not attempted) was set to 0.01; ii) MUAC SD was described using box-plots 
and summarized by categories for each of the following variables: region, livelihood 
and residence; and iii) weighted univariable linear regressions were computed with 
MUAC SD as dependent variable and region, livelihood or residence as independent 
variables. R-squared of the univariable regressions were compared. R-squared or 
coefficient of determination reflects the proportion of variance in the dependent 
variable that is explained by the independent variable.  
The analysis was conducted using STATA and R and was weighted using effective 
sampling weight (see Chapter 3). 
 
 
Results 
 
 
Description of MUAC SD overall 
 
 
The MUAC SD was computed for each survey. The minimum was 9.5 mm and the 
maximum 19.3 mm with a mean of 12.4mm and a median of 12.4 or 12.5 mm if 
weighted (see Table 1 and Figure 1). This suggests reasonable homogeneity in SD 
across the entire dataset.  
 
 
 
Table 1: Summary of MUAC SD – Unweighted and weighted 
MUAC SD (n=852) Unweighted Weighted 
Minimum - Maximum (mm) 9.5 – 19.3 9.5 – 19.3 
Lower - Upper quartile (mm) 11.5 – 13.2 11.6 – 13.2 
Median , Mean (mm)  12.4 , 12.4 12.4 , 12.5 
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Figure 1: Boxplot of MUAC SD across all surveys (unweighted (a), weighted (b)) 
 
 
 
The database comprised of surveys from very different settings, regions and 
livelihood zones which suggest a good representativeness. 
 
 
 
Variability of MUAC SD over time 
 
 
 
Figure 2: Box plots of MUAC SD over time 
 
 
 
a b 
Nb surveys:  5     2      5     4      4     3      4     9     27    38   30   47   55  105  113  160 98   89    54 
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The surveys included in the database were collected over a long period of time; the 
earliest dataset was from 1992 and the latest from 2011. The number of surveys 
per year varied a lot with very few surveys before 2001 which explained partly the 
variability observed within years between early 90s and the 2000s (see Table 2).  
MUAC SD varied little overall and over time (see Figure 1 and 2) but it did seem to 
decrease slightly from mid/late 90s to 2011 (see Table 2). The minimum mean SD 
was 11.4 in 1992 and the maximum was 14.6 in 1993. 
 
 
Table 2: Number of surveys per year 
Date 1992 1993 1994 1995 1997 1998 1999 2000 2001 2002 
Nb surveys 5 2 5 4 4 3 4 9 27 38 
Mean SD  11.4 14.7 11.7 14.0 14.2 13.6 13.0 13.0 13.3 12.9 
Date 2003 2004 2005 2006 2007 2008 2009 2010 2011  
Nb surveys 30 47 55 105 113 160 98 89 54  
Mean SD 12.5 12.7 11.7 12.5 12.6 12.6 12.2 11.7 11.7  
 
The linear regression with MUAC SD as dependent variable and date (categorical) as 
independent variable showed a statistically significant association (p<0.001) (table 
3). 
 
 
Table 3: Overall outcome of the linear regression with MUAC SD as dependent 
variable and date (categorical) as independent variable 
 F- statistic R-squared P-value 
Date (categorical) 28.73 0.13 <0.001 
 
 
The change in MUAC SD could be due to different factors. The quality of surveys 
might have improved with years. The methodologies and training have change and 
improved over the last decade. Another hypothesis is the difference in setting and 
crises over time that could affect the MUAC SD in a different way.  
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Although the variety of setting and time period covered by the database suggested 
that the MUAC SD included in the database was representative of the variability 
that we can expected in the future, the proposed method was examined in 
simulated surveys from different time periods in order to verify performance did not 
differ markedly for more recent surveys compared to earlier ones. 
 
 
Association between MUAC SD and mean levels of GAM  
 
 
The plot of MUAC SD against GAM  prevalence suggests a slight increase in the 
MUAC SD when the prevalence of GAM  based on MUAC increases (see Figure 3). 
The outliers observed on the figure below were investigated and kept in the linear 
regression as they were considered as “real” values. The regression was run 
without outliers and the coefficient for each regression were very similar. 
 
 
 
Figure 3: Plot of MUAC SD against GAM  
 
 
 
The results of the univariable regression with MUAC SD as dependent variable and 
GAM  as independent variable are presented in the table below. 
  
Table 4: Univariable association between MUAC SD (mm) and GAM  prevalence 
(%) based on MUAC 
 Coefficient 95% CI 
t-statistic P-value 
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GAM  (MUAC) 
0.037 0.022 – 0.050 4.92 <0.001 
 
 
The change in MUAC SD is reasonably small but statistically significant (p<0.001) 
(Table 4). The mean and median change in MUAC SD in different GAM  categories 
varies from 12.1mm to 12.8 mm. The larger MUAC SD was found in the 10-14 % 
GAM  category (see Table 5 and Figure 4). Although significant, the slight difference 
in MUAC SD found for different GAM  prevalence would be expected to have little 
impact on the performance of the method. This is examined further chapter 7. 
 
 
Table 5: Summary of MUAC SD per level of GAM  
MUAC SD per 
malnutrition 
category 
GAM  <5% 
(n=143) 
GAM : 5-9% 
(n=361) 
GAM : 10-14% 
(n=205) 
GAM  ≥ 15% 
(n=143) 
Minimum - 
Maximum (mm) 
10.1 – 14.6 9.7 – 15.8 9.5 – 16.3 9.8 – 19.3 
Lower - Upper 
quartile (mm) 
11.5 – 12.7 11.6 – 13.1 11.8 – 13.6 11.5 – 13.6 
Median - Mean 
(mm)  
12.1 , 12.1 12.3, 12.4 12.8, 12.8 12.6, 12.5 
 
 
 
 
 
 
Figure 4: MUAC SD in each GAM  category  
 
 
 
<5% 5-9% 10-14% 
 
≥ 15% 
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Stratification of the datasets in order to minimise the variability of MUAC SD 
 
The regression tree below grouped surveys in order minimise the variability of 
MUAC SD (Figure 5).  The number below each grouping corresponds to the mean 
MUAC SD in each group. Mean MUAC SD varied from 11.8 to 14.1. Although the 
regression tree below minimised the variability of MUAC SD, it grouped surveys in a 
fairly unpractical manner. It would be difficult to develop guidelines for a method 
with such categories (i.e. use 14.1 as MUAC SD if in Asia or East Africa, in Urban 
area or Displaced and in an agriculture livelihood zone).  
 
The first spilt devided regions into two groups which suggests that deviding the 
suveys by region might be the best and simplest way to stratify surveys (Figure 5). 
 
 
 
Figure 5: Tree regression by region, residence and livelihood (n=852) 
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Table 6-8 and Figure 6-8 describe MUAC SD stratified by region, livelihood zone and 
residence status. 
 
 
 
 
 
 
 
 
MUAC SD per region 
 
Table 6: Summary of MUAC SD per Region 
 
MUAC SD per Region 
Asia 
(n=60) 
Caribbean 
(n=13) 
Central & 
South Africa 
(n=128) 
East Africa 
(n=554) 
West Africa 
(n=97) 
Minimum - Maximum 
(mm) 
10.1 – 14.9 12.2 – 13.5 10.2 – 16.3 9.5 – 19.3 10.6 – 16.0 
Lower - Upper quartile 
(mm) 
11.0 – 12.9 12.5 – 13.1 12.3 – 13.7 11.5 – 13.1 11.8 – 13.9 
Median - Mean (mm)  11.8, 12.0 12.7, 12.8 12.9,13.0 12.2, 12.3 12.7, 12.9 
 
 
West Africa, Central and South Africa and the Caribbean have higher SD compared 
to Asia and East Africa. Mean MUAC SD varies from 11.7 in Asia to 12.9 in Central 
and South Africa (Table 6 and Figure 6). Stratifying by region reduces the variability 
of SD. 
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Figure 6: Box-plot of MUAC SD in each region 
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MUAC SD per livelihood zone 
 
The mean MUAC SD varies from 12.1 in agro-pastoral livelihood zone to 12.8 in the 
“other” category. The “other” livelihood category includes fishing, riverine and 
mixed livelihood zones. This suggests that heterogeneous groups have a larger 
MUAC SD. There is some minimal reduction in the variability of SD when stratifying 
by livelihood zones (Table 7 and Figure 7). 
 
Table 7: Summary of MUAC SD per livelihood zone 
     
MUAC SD per Livelihood 
Agriculture 
(n=351) 
Agro-Pastoral 
(n=246) 
Other9 
(n=123) 
Pastoral 
(n=133) 
Minimum - Maximum (mm) 9.5 – 16.3 9.8 – 18.2 10.7 – 19.3 10.3 – 15.5 
Lower - Upper quartile 
(mm) 
11.5 – 13.5 11.5 – 12.8 11.9 – 13.6 11.7 – 13.1 
Median - Mean (mm)  12.6 , 12.6 12.1, 12.2 12.8, 12.8 12.4, 12.4 
 
 
 
 
 
Figure 7: Box-plot of MUAC SD per livelihood zone 
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MUAC SD per residence status 
 
 
Mean MUAC SD varies from 12.2 in the Rural and other category to 12.9 in the 
displaced population. The MUAC SD from displaced population (refugees and 
internally displaces) as well as urban population are larger (Table 8 and  Figure 8). 
The “other” includes mainly mixed rural/urban populations with higher proportions 
of rural. Displaced populations as well as urban population tend to have a more 
mixed background which confirms the fact that heterogeneous groups have a larger 
MUAC SD. 
 
 
Table 8: Summary of MUAC SD per residence status  
MUAC SD per residence 
status 
Displaced 
(n=145) 
Other10 
(n=91) 
Rural 
(n=551) 
Urban 
(n=66) 
Minimum - Maximum 
(mm) 
10.1 – 15.6 10.3 – 14.6 9.5 – 19.3 11.0 – 14.9 
Lower - Upper quartile 
(mm) 
12.1 – 13.5 11.6 – 13.2 11.5 – 13.0 12.1 – 13.2 
Median - Mean (mm)  12.9 ,12.9 12.2, 12.4 12.2, 12.3 12.6, 12.7 
 
 
 
 
Figure 8: Box-plot of MUAC SD by residence status 
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Based on the above descriptive statistics, categorising by region appeared to be the 
most promising strategy to minimise the variability MUAC SD but further evidence 
was needed to determine which stratification would be the most appropriate. 
Univariable linear regressions with MUAC SD as dependent variable and region, 
livelihood zone or residence status were therefore computed. 
 
Univariable linear regressions 
 
The linear regressions of MUAC SD as dependent variable showed significant 
univariable associations with the following independent variables: livelihood, 
residence, region (see Table 9).  
 
Table 9: Univariable association between MUAC SD (mm) and regions, livelihood 
zones or residence status 
Region Coefficient 95% CI t-statistic P-value 
East Africa - - - - 
Asia -0.430 -0.712; -0.148 -2.99 0.003 
Caribbean 0.469 -0.178; 1.115 1.42 0.155 
Central & South Africa 0.603 0.393; 0.812 5.65 < 0.001 
West Africa 0.495 0.275; 0.714 4.41 < 0.001 
Livelihood Coefficient 95% CI t-statistic P-value 
Agriculture - - - - 
Agro-Pastoral -0.368 -0.548; -0.188 -4.01 < 0.001 
Pastoral -0.114 -0.360; 0.132 -0.91 0.364 
Other 0.256 0.017; 0.496 2.1 0.036 
Residence Coefficient 95% CI t-statistic P-value 
Rural - - - - 
IDP 0.573 0.376; 0.770 5.71 < 0.001 
Urban 0.371 0.109; 0.634 2.78 0.006 
Other 0.085 -0.159; 0.329 0.68 0.494 
 
 
The table below present the R-squared corresponding to the different independent 
variables used for the univariable regressions with MUAC SD as dependent 
variables. The three R-squared are very low and region is the variable that explains 
the largest amount of the variance in MUAC SD, although most of the variability in 
SD remains unexplained. 
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Table 10: R-squared values for linear regression with MUAC SD as dependent 
variable and region, livelihood or residence 
Independent variable R-squared 
Region 0.06 
Livelihood 0.03 
Residence 0.03 
 
 
Stratifying the database on livelihood zones and Regions or other combinations 
could potentially reduce the variability of the MUAC SD further but it would be 
detrimental to the simplicity of the proposed method. A mulitivariable regression 
could have been used to further investigate the best way to stratify the surveys. 
Regression trees were unhelpful and it is essential to keep the method as simple as 
possible. A multivariable regression was therefore not investigated.  
 
In light of the analysis above, stratification of the datasets by region was found to 
be the best way to stratify the database and minimise the variability in MUAC SD.  
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Conclusion 
 
 
Three assumptions were assessed in this chapter: 
 
- The variability of MUAC SD varied slightly over time. The proposed method was 
examined in simulated surveys from different time periods in order to verify 
performance did not differ markedly for more recent surveys compared to earlier 
ones (see Chapter 7). 
 
- The assumption regarding the association between levels of GAM  and MUAC did 
not hold but the MUAC SD variation across GAM  categories are minor and are not 
expected to cause serious bias in the estimates. The performance of the proposed 
method was examined in different categories of GAM  (see Chapter 7). 
 
- Once stratified, MUAC SD fell within a reasonably narrow range. It differed most 
significantly from one region to another. The proposed method was developed by 
stratifying the MUAC SD by region (see Chapter 7).  
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Chapter 7: A novel, efficient method for estimating the prevalence of 
acute malnutrition in resource-constrained and crisis-affected settings 
 
 
This aim of this thesis is to develop new methods using Middle-upper arm 
circumference for nutritional surveillance in crisis-affected populations. The 
previsous chapters introduced the methods and assessed all assumptions behind 
them. 
 
This Chapters presents the outcomes of the developed methods themselves:  
 
(i) PROBIT Method I, which takes the mean MUAC from the survey sample 
data and the MUAC Standard Deviation (SD) from a database of previous 
surveys; and  
 
(ii) PROBIT Method II, which applies both the mean and SD of MUAC as 
observed in the survey sample.  
 
 
I examined the performance of both methods for estimation and classification 
purposes. Supporting information can be found Annex VI. 
 
An additional analysis on the relative presicison of both methos and the classic 
method can be found Annex VII.  
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Abstract 
 
 
Background: The assessment of the prevalence of acute malnutrition in children 
under five is widely used for the detection of nutritional emergencies, planning 
interventions, advocacy and programme monitoring and evaluation. This study 
examined the use of PROBIT Methods which convert parameters (mean and 
standard variation (SD)) of a normally distributed variable to a cumulative 
probability below any cut-off to estimate acute malnutrition in children under five 
using Middle-Upper Arm Circumference (MUAC). 
 
Methods: We assessed the performance of PROBIT Method I, which takes the mean 
MUAC from the survey sample data and the MUAC Standard Deviation (SD) from a 
database of previous surveys; and PROBIT Method II, which applies both the mean 
and SD of MUAC as observed in the survey sample. We assessed the performance 
of both methods. Specifically, we generated sub-samples from 852 survey datasets, 
simulating 100 surveys for eight different sample sizes (25, 50, 75, 100, 125, 150, 
175, 200). Overall the methods were tested on 681 600 simulated surveys. 
 
Findings: This study suggests that PROBIT methods relying on sample sizes as small 
as 50 had better performance than the classic method for estimating and classifying 
the prevalence of acute malnutrition. The PROBIT methods had better precision in 
the estimation of acute malnutrition than the classic approach for all sample sizes 
and a better coverage for smaller sample sizes, while having relatively little bias. 
They classified situations accurately for a threshold of 5% acute malnutrition. 
 
Conclusions: PROBIT Methods have a clear advantage in the assessment of acute 
malnutrition prevalence based on MUAC, compared to the classic method. Their 
use would require much lower sample sizes, and would thus enable great time and 
resource savings.  There is great potential in their use in surveillance systems in 
order to produce timely and/or locally relevant prevalence estimates of acute 
malnutrition and enable a swift and well-targeted response/intervention. 
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Background 
 
 
Acute malnutrition (AM) is a major public health issue throughout low-middle 
income countries. Indices of AM  include low Weight-for-Height/Length (WFH), low 
Middle-Upper-Arm Circumference (MUAC) and oedematous malnutrition 
characterised by the presence of bilateral pitting oedema (see Table 1). The United 
Nations Children's Fund’s (UNICEF) latest report on the State of the World’s 
Children1 estimates that 10% of children under 5 years old in least developed 
countries have a low WFH. According to United Nations estimates 875 000 children 
under five deaths2 are attributed to Low WFH annually.  These estimates do not  
include  oedematous malnutrition.  Overall, prevalence estimates of Global Acute 
Malnutrition (GAM) are similar whether including oedematous malnutrition or not3.  
There is an increasing interest in MUAC-only nutrition programming 4-9 and 
throughout the paper, AM is based on MUAC assessment alone.  
 
Table 1: Acute Malnutrition definition and classification  
Case definition 
Severe Acute Malnutrition (SAM) 
WFH < -3 SD  
      and/or  
oedema  
      and/or  
MUAC<115 mm 
Global Acute Malnutrition (GAM)* 
WFH < -2 SD  
       and/or  
oedema  
       and/or  
MUAC<125 mm 
WFH: Weight-for-Height/Length; MUAC: Middle-Upper Arm Circumference  
*WHO has not endorsed MUAC<125mm as being a measure of GAM but for the purpose of this 
study, MUAC<125mm will be referred to as GAM. 
 
The assessment of the prevalence of acute malnutrition in children under five is 
widely used for the detection of nutritional emergencies, planning interventions, 
advocacy and programme monitoring and evaluation.  Its estimation usually relies 
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on cross-sectional multi-stage random cluster sample surveys10-12 which are labour 
and resource intensive (i.e. time, logistics, and finance) especially in difficult 
settings, remote areas or when wide areas need to be covered. Furthermore, 
surveys are not able to provide the frequency and geographic resolution of data 
that would assist in enabling swift detection and targeted response to crises before 
they are well-established 12-16.  
 
The PROBIT Method has been proposed as a more feasible alternative to standard 
surveys. This method estimates the prevalence of GAM  according to any a cut-off 
of interest by using the observed mean and standard deviation (SD) of 
anthropometric indices (e.g. MUAC or WFH) to construct a distribution, assumed to 
be normal in shape, and computing the percentage of the distribution that falls 
below the cut-off (see Figure 1).17-20 The method treats nutritional indices as 
continuous variables, instead of transforming each child observation into a binary 
datum (below or above cut-off), and as such has the possible advantage of 
decreasing the sample size required to estimate prevalence, while maintaining the 
same precision. Previous work has suggested that the assumption of a normal 
distribution is reasonable for MUAC, rendering the PROBIT approach potentially 
suitable for this index.21 
 
 
Figure 1: PROBIT Method 
 
 
 
    CHAPTER 7: A NOVEL METHOD TO ASSESS ACUTE MALNUTRITION 
126 
 
Previous studies have found that for simple random sample surveys, the PROBIT 
based prevalence estimate of acute malnutrition may have superior precision but 
can be subject to bias (Dale et al18 and Blanton et al22).  This study examined the use 
of the PROBIT Method for both simple random samples and two-stage cluster 
samples to estimate SAM (by MUAC alone) and/or GAM (by MUAC alone) in 
children under five. We assessed two methods: (i) PROBIT Method I, which takes 
the mean MUAC from the survey sample data and the MUAC SD from a database of 
previous surveys conducted within the same geographic stratum; and (ii) PROBIT 
Method II, which applies both the mean and SD of MUAC as observed in the survey 
sample. We assessed the performance of both methods for estimation (prevalence 
point estimate ± confidence interval) and classification (probability that prevalence 
is above/below a threshold of interest) purposes.  To do so, we examined: 
 
- the bias, precision (relative and absolute) and coverage (defined as the proportion 
of the 95%CIs from the test methods that contained the true prevalence value) of 
SAM  and GAM  prevalence estimates (based on MUAC alone) using both PROBIT 
Methods and the standard prevalence survey method (hereafter referred to as 
Classic Method); 
 
- the probability of correctly classifying GAM  prevalence (based on MUAC alone) 
for the different methods for according to programmatically important thresholds 
(5%, 10% and 15%). 
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Methods 
 
Data sources 
 
The study relied entirely on previously collected survey data. A total of 1068 cross-
sectional cluster or exhaustive survey datasets from various settings were shared by 
six organizations (UNICEF, Food Security and Nutrition Analysis Unit (FSNAU), 
Epicentre/ (MSF), Action Against Hunger, Concern Worldwide and Goal). No formal 
sample size calculation was used. Instead, the study size was determined by 
availability of surveys and specific inclusion criteria. Eligible datasets had to: (1) 
include anthropometric data including MUAC, oedema, age, weight and height as 
well as meta-data on country, livelihood, residence, cluster (if cluster surveys) and 
date; (2) have a minimum of 25 clusters if cluster surveys23, 24. The last criterion 
aimed to minimize selection bias, which may be substantial with surveys featuring 
few clusters. Figure 2 gives the reasons for exclusion of datasets or records.  
 
 
Of the 1068 surveys collected, 852 surveys were included in this secondary data 
analysis (55 exhaustive surveys and 797 cluster sample surveys). The 852 surveys 
contained 694 108 children of which 25 134 presented highly improbable values 
and were excluded from the analysis. The database included six variables for 
anthropometry (sex, MUAC, oedema, age, weight and height), six meta-data 
variables (organization, country, livelihood, residence, cluster [for cluster surveys 
only] and date) and three indices based on WHO standards (WFH, WFA and HFA) 
computed using the WHO’s “Child Growth Standards” package25 (see Figure 2). The 
sample size of surveys varied from 122 to 3491 with a median and mean of 885 and 
907 respectively. Several regions were represented: East Africa with 554 surveys 
(65%), West Africa with 97 surveys (11.4%), Central and South Africa with 128 
surveys (15%), Caribbean with 13 surveys (1.5%) and Asia with 60 surveys (7%).  
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Figure 2: Data management 
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Simulation of small sample surveys 
 
We tested the performance, for estimation and classification purposes, of Probit 
Method I, Probit Method II and the Classic Method, on simulated survey samples of 
varying size, drawn randomly from the larger survey database.  
Specifically, we generated sub-samples from each of the 852 survey datasets, 
simulating 100 test surveys for each of eight different sample size scenarios (25, 50, 
75, 100, 125, 150, 175, 200). To take into account the underlying clustered data 
structure when generating sub-samples from cluster survey datasets, we selected 
25 clusters randomly, and, within each cluster, 1 to 8 child observations, again at 
random, to obtain sample sizes from 25 to 200. For non-cluster surveys, 25 to 200 
children were randomly selected.  
Overall therefore, the methods were tested on a total of 681 600 (852 source 
datasets x 8 sample size scenarios x 100 simulated sub-samples per sample size) 
simulated surveys. 
 
 
Calculation of true prevalence  
 
For each test of the method, we compared the estimate or classification yielded by 
the method to a measure of true prevalence. The prevalence point estimates were 
calculated from each of the 852 surveys and were taken as the true population 
prevalence measure against which to quantify the different methods’ performance 
when applied to sub-samples drawn from that survey. This amounted to 
considering the source surveys as population-representative data. 
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Implementation of each method 
 
 
i)  Classic method 
 
For each simulated sample, the prevalence was calculated as the proportion of 
children with MUAC below the given threshold: 125mm for GAM  and 115mm for 
SAM . Confidence intervals for the prevalence were calculated using cluster 
adjusted standard errors for the proportion.  
 
 
 
ii)  PROBIT method I – Mean given simulated sample and SD from 
previous surveys 
 
For each simulated sample, the PROBIT function was used to calculate the 
prevalence as the cumulative probability of MUAC less than the cut-off of interest, 
given a normal distribution of MUAC. The mean MUAC used to parameterise this 
distribution was the mean MUAC in the simulated sample, while the standard 
deviation (SD) of MUAC was the MUAC SD from previous surveys from the same 
geographical stratum (five regions: East Africa, West Africa, Central and South 
Africa, the Caribbean and Asia). No transformation was applied to the distribution 
in order the approximate a normal distribution as previous work has suggested that 
the assumption of a normal distribution is reasonable for MUAC21. 
 
The MUAC SD from previous surveys were weighted using effective sample size 
(sample size could not be used because of varying design surveys and differing 
numbers of clusters and children per cluster)26, stratified by region (in order to 
minimise MUAC SD variability) and bootstrapped with 2000 replications in each 
region. The mean MUAC SD from each bootstrap (for each region) was then used 
with mean MUAC in simulated sample to parameterise the normal distribution. The 
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mean MUAC SD used were 12.3 mm for East Africa, 12.8 mm for West Africa, 13.0 
mm for Central and South Africa, 12.8 mm for the Caribbean and 12.0mm for Asia.   
 
 
The 95% confidence interval for the PROBIT prevalence was estimated using cluster 
bootstrapping with 2000 replications (2000 mean MUAC replications and 2000 
weighted MUAC SD replications). For each replication the PROBIT Z score was 
calculated using MUAC SD randomly selected from the empirical distribution of 
MUAC SD of previous surveys in that geographic stratum and the mean MUAC from 
the bootstrap sample of the simulated survey. The standard error from the 
bootstrap distribution was used to calculate the confidence interval for the Z score, 
which was then transformed using the PROBIT function to calculate upper and 
lower confidence limits for the prevalence. 
 
 
 
iii)  PROBIT method II – Mean and SD from given simulated sample  
 
For each simulated sample, the prevalence estimates were calculated using the 
PROBIT function to calculate the cumulative probability of MUAC less than the 
given threshold using mean MUAC and MUAC SD from the simulated sample. No 
transformation was applied to the distribution in order the approximate a normal 
distribution as previous work has suggested that the assumption of a normal 
distribution is reasonable for MUAC21. The same bootstrapping method as above 
was applied to compute confidence intervals, but this used both MUAC SD and 
mean MUAC from the bootstrap replications of the simulated survey to generate 
the bootstrap distribution of the PROBIT Z score.  
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Estimation approach: coverage, precision and bias  
 
For each of the methods, we examined coverage, precision (absolute and relative) 
and bias overall, for different GAM  prevalence categories (<5%, 5-9%, 10-14%, 
≥15%) and per region to investigate possible characteristics that would confound 
the outcome of the methods. 
 
Bias was defined as the average difference between the estimated prevalence 
generated by each test method and the true prevalence. 
 
Absolute precision was defined as the average length of the 95%CIs generated by 
each test method (Abs [upper bound – lower bound] / 2).  
Relative precision was defined as follow:  
(Absolute precision x 100) /estimated  prevalence  
 
Coverage was defined as the proportion of the 95%CIs from the test method that 
contained the true prevalence value. If coverage is as expected, the nominal 95% CI 
of the proposed methods should contain the true value 95% of the time. 
 
To further assess possible characteristics that would influence bias in particular, we 
used linear regression to explore associations between bias of GAM  estimates as 
the dependent variable and the following independent variables: region, GAM  
categories based on MUAC (<5%, 5-9%, 10-14%, ≥15%), livelihood, residence, 
survey design (simple random sampling or clustered) and date (before 2006, after 
2006. This date was chosen as the SMART Methodology27, that brought rigour and 
standardization in the way surveys were conducted, was adopted in 2006). We did 
this regression for each proposed method. 
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Classification approach: probability of correctly classifying GAM  prevalence 
 
The different methods were assessed looking at a classification approach.  For each 
survey, the true GAM  (based on MUAC only) prevalence and the estimated GAM  
prevalence from the different methods were split into two categories according to 
different thresholds: GAM  below 5%, 10% or 15% and GAM  equal or above 5%, 
10% or 15%. We then calculated the probability that the different methods 
correctly classify GAM  prevalence ≥ threshold of interest28.  
 
 
Ethical approval 
 
The project relied only on re-analysis of secondary data sources, none of which had 
uniquely identifiable information associated with each child-observation. Ethics 
approval for the project was sought and was obtained from the Ethics Committee 
of the London School of Hygiene and Tropical Medicine (LSHTM Ethics reference 
6158). 
  
    CHAPTER 7: A NOVEL METHOD TO ASSESS ACUTE MALNUTRITION 
134 
 
Results 
 
 
“True” prevalence observed in the database 
The prevalence of GAM  and SAM  according to MUAC across surveys (n=852) 
varied from 1% to 47.7% and from 0% to 20.6% respectively. Median and mean 
GAM  were 8.8% and 9.9% respectively while median and mean severe GAM  
prevalence were 1.7% and 2.2% respectively. Figure 3 shows the distribution of 
GAM  and SAM  prevalence measured with MUAC measure alone. 
 
 
 
 
  
 
 
 
Figure 3: Distribution of GAM  (MUAC<125mm) (a) and SAM  (MUAC<115mm) (b)  
  
a b 
% % 
    CHAPTER 7: A NOVEL METHOD TO ASSESS ACUTE MALNUTRITION 
135 
 
Estimation approach 
 
 
Bias 
 
The mean bias in the estimations of GAM  prevalence tended to be larger, the 
smaller the sample size. The estimates of GAM  prevalence were practically 
unbiased using the classic method for sample sizea above 50. PROBIT method I’s 
mean bias varied from 1.2% (sample size = 25) to 0.8% (200). PROBIT method II had 
lower mean bias, varying from 0.8% to 0.7% (Table 2 and Figure 4). On average, 
both PROBIT Methods overestimated the prevalence of GAM . Individual simulated 
surveys showed both positive and negative bias for all methods (see Supporting 
information 1).   
 
 
 
 
Table 2: Bias in estimated GAM  prevalence (estimated - true value) 
Sample 
size 
Classic method PROBIT  method I PROBIT  method II 
Median Mean Median Mean Median Mean 
25 0.0 0.7 0.9 1.2 0.4 0.8 
50 0.0 0.2 0.8 1.0 0.5 0.8 
75 0.0 0.0 0.9 0.9 0.6 0.7 
100 0.0 0.0 0.8 0.9 0.6 0.7 
125 0.0 0.0 0.8 0.9 0.6 0.7 
150 0.0 0.0 0.9 0.9 0.6 0.7 
175 0.0 0.0 0.8 0.8 0.6 0.7 
200 0.0 0.0 0.9 0.8 0.6 0.7 
 
 
The bias in the estimation of SAM  was minimal using PROBIT Methods (mean bias 
varied from 0.2% to 0.1% and 0.3% to 0.1% for PROBIT Method I and PROBIT 
Method II respectively). The Classic Method was biased for sample sizes under 75 
(mean bias of 1% and 0.6% for sample sizes of 25 and 50 respectively) (see Table 3 
and Figure 5). Individual simulated surveys showed both positive and negative bias 
for all methods (see Supporting information 1). 
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Table 3: Bias in estimated SAM  prevalence (estimated - true value) 
Sample 
size 
Classic method PROBIT  method I PROBIT  method II 
Median Mean Median Mean Median Mean 
25 0.0 1.0 0.1 0.2 0.0 0.3 
50 0.0 0.6 0.1 0.1 0.0 0.2 
75 0.0 0.3 0.1 0.1 0.0 0.1 
100 0.0 0.2 0.1 0.1 0.0 0.1 
125 0.0 0.2 0.1 0.1 0.0 0.1 
150 0.0 0.1 0.1 0.1 0.0 0.1 
175 0.0 0.1 0.1 0.1 0.0 0.1 
200 0.0 0.1 0.1 0.1 0.0 0.1 
 
 
 
 
 
Figure 4: Bias in GAM  estimates 
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Figure 5: Bias in SAM  estimates 
 
 
 
The bias of GAM  was smaller, the higher the GAM  prevalence, and the bias of SAM  
was lower in low (<5%) and high (≥ 15%) GAM  categories using the Classic Method. 
The bias of GAM  using PROBIT Method I was lower for the last two GAM  
categories (10-14% and ≥ 15%) while using PROBIT Method II, it was lower in the 
first two GAM  categories (<5% and 5-9%). The bias of SAM  was higher in the 
highest GAM  category for both PROBIT Methods (see Supporting information 2). 
For all methods, the bias was larger in East Africa and Asia and much lower or null 
for the Caribbean. The PROBIT methods had positive bias in all regions except 
Caribbean, where the prevalence tended to be underestimated or unbiased 
(Supporting information 3). 
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Precision 
 
 
The precision of GAM  and SAM  prevalence estimates increased as the sample size 
increased for all methods. The classic method had the lowest precision for both 
GAM  and SAM , varying from approximately 14.2% to 4.7% for sample sizes from 
25 to 200 (see Table 4 and 5 and Figure 6 and 7).  
 
The precision was higher using PROBIT methods for all sample sizes. PROBIT 
Method I yielded better precision for sample sizes < 75 compared to PROBIT 
method II. For sample sizes ≥ 75, the opposite pattern was observed. Similar results 
were observed for GAM  and SAM  (see Table 4 and 5; Figure 6 and 7). 
 
Table 4: Precision of GAM  estimates (half of 95% CI) 
Sample 
size 
Classic method PROBIT  method I PROBIT  method II 
Median Mean Median Mean Median Mean 
25 13.7 14.2 7.7 7.9 9.8 9.9 
50 9.0 9.3 6.2 6.2 6.7 6.7 
75 7.7 7.4 5.5 5.5 5.4 5.4 
100 6.1 6.4 5.2 5.1 4.6 4.6 
125 5.6 5.8 5.0 4.9 4.2 4.1 
150 5.1 5.3 4.8 4.7 3.8 3.8 
175 4.8 5.0 4.7 4.6 3.5 3.5 
200 4.5 4.7 4.6 4.5 3.3 3.3 
 
 
Table 5: Precision of SAM  estimates (half 95% CI) 
Sample 
size 
Classic method PROBIT  method I PROBIT  method II 
Median Mean Median Mean Median Mean 
25 12.9 10.7 2.7 3.0 4.3 4.8 
50 7.1 6.8 2.2 2.5 2.5 2.8 
75 5.0 5.1 2.1 2.3 2.0 2.2 
100 3.8 4.1 2.0 2.2 1.7 1.9 
125 3.3 3.5 2.0 2.1 1.5 1.6 
150 2.8 3.1 1.9 2.1 1.3 1.5 
175 2.5 2.8 1.9 2.0 1.2 1.4 
200 2.2 2.6 1.9 2.0 1.2 1.3 
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Figure 6: Precision of GAM  estimates 
 
 
 
 
 
 
Figure 7: Precision of SAM  estimates 
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For all methods, the precision of GAM  and SAM  estimates was lower the higher 
the level of GAM  (see Supporting information 2). For all methods, the precision was 
superior in the Caribbean with larger differences using the PROBIT Methods 
compared to the classic Method (see Supporting information 3). 
 
Annex VII presents relative presicion of GAM  and SAM  estimates. Both PROBIT 
Methods have better relative precision than the classic method for all sample sizes. 
The PROBIT Method I practically reaches the 30% of recommended relative 
precision29 of GAM  estimates for a sample size of 200.  The relative precision of 
SAM  estimates is very large for all sample sizes. 
 
 
 
Coverage  
 
 
Coverage was better for GAM  compared to SAM  and was generally higher for the 
PROBIT approach II but never reached 95% (see Table 6). The PROBIT Methods had 
a clear advantage in term of coverage compared to the classic method for sample 
sizes < 50 for GAM  and for sample sizes <150 for SAM  (see Table 6).  
 
With the classic method, the coverage for GAM  increased as the simulated sample 
size increased while for the PROBIT methods coverage was higher with smaller 
sample size. Similar trends were observed for SAM  estimates. The classic method 
showed extremely low coverage of SAM  estimates for small sample sizes, while 
coverage for both PROBIT methods was higher and more stable (see Table 6). 
 
Coverage depended on bias and precision. The smaller the bias, the better the 
coverage and the larger the confidence intervals around the estimate prevalence 
the better the coverage. 
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Table 6: Coverage of different methods for GAM  (a) and SAM  (b) 
(a) (b) 
 
Sample 
size 
Classic 
method 
(%) 
PROBIT  
method I 
(%) 
PROBIT  
method II 
(%) 
25 83.7 92.1 94.5 
50 93.9 91.2 93.6 
75 96.5 90.4 93.1 
100 97.3 89.8 92.5 
125 98.1 89.4 91.8 
150 98.4 88.9 91.0 
175 98.4 88.8 90.4 
200 98.6 88.4 89.9 
 
Sample 
size 
Classic 
method 
(%) 
PROBIT  
method I 
(%) 
PROBIT  
method II 
(%) 
25 35.4 89.9 92.7 
50 55.3 88.8 91.1 
75 67.1 88.0 89.7 
100 75.2 87.4 88.7 
125 80.4 87.3 87.7 
150 84.2 87.1 86.5 
175 87.3 87.0 85.7 
200 89.6 86.8 84.5 
 
 
The classic method had the largest differences by GAM  categories; coverage of 
GAM  and SAM  estimates increased as GAM  increased (see Supporting information 
2). The coverage of GAM  and SAM  using PROBIT Method I increased as GAM  
increased and then decreased for GAM  categories ≥ 15%. The coverage of GAM  
with PROBIT Method II increased as GAM  increased (see Supporting information 2). 
 
Coverage of GAM  and SAM  estimates varied substantially between regions using 
the classic method with higher coverage in East and Asia and lower coverage in the 
Caribbean. For GAM , the coverage using the PROBIT Method I was slightly higher in 
Asia compared to the other regions. The coverage of SAM  using PROBIT Method I 
was much lower for the Caribbean and higher for Asia. The coverage of GAM  
estimates using PROBIT method II were similar in all regions whereas SAM  
coverage was lower in the Caribbean compared to the other regions (see 
Supporting information 3).  
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Potential sources of bias 
 
We investigated possible sources of bias by computing univariable linear regression 
with mean bias in GAM  estimates as dependent variable and the following 
independent variable: region, GAM  categories, livelihood, residence, survey design 
and date.  
 
The multivariable linear models built with variables showing univariable association 
are presented in table 7, 8 and 9 for the Classic Method, the PROBIT Method I and 
the PROBIT Method II respectively.  
 
The differences observed by region in the classic method were only statistically 
significant between for Central and South Africa that presented a lower mean bias 
in the estimates of GAM . The difference in the mean bias between regions were all 
statistically significant for both PROBIT Methods. The differences between regions 
were similar to the ones observed in the descriptive analysis Supporting 
information 2 and 3.  The differences observed by GAM  category in the descriptive 
tables Annex 2 and 3 are still apparent and statistically significant in the 
multivariable models for all methods (Table 7, 8 and 9). The mean bias in GAM  
estimates decrease as sample size increased for all methods (Table 7, 8 and 9).  
 
The mean bias in GAM  estimates using the Classic Method was statistically higher 
in the “other” livelihood zone (included fishing, riverine and mixed livelihood zones) 
compared to the agriculture livelihood zone and for displaced populations 
compared to other residence status (Table 7). 
 
The mean bias in GAM  estimates using the PROBIT Method I was significantly 
higher in Agro-pastoral and Pastoral zones compared to agriculture and significantly 
lower in “other” category of livelihood zones. It was statistically lower for all 
residence types compared to rural residence. It was significantly lower for clustered 
surveys compared to simple random design and higher after 2006 (Table 8). 
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The mean bias in GAM  estimates using the PROBIT Method II was significantly 
higher in agro-pastoral, pastoral and “other” livelihood zones compared to 
agriculture livelihood zone. It was significantly lower for all residence type 
compared to rural residence. It was significantly lower for clustered surveys 
compared to simple random design and higher after 2006 (Table 9). 
 
Table 7: Multivariable regression of mean bias in GAM  estimates using the classic 
method 
Region Coef 95% CI t-statistic P-value 
East Africa - - - - 
Asia 0.012 -0.019; 0.044 0.77 0.441 
Caribbean -0.017 -0.079; 0.045 -0.54 0.591 
C & S Africa -0.027 -0.050; -0.004 -2.3 0.022 
West Africa -0.016 -0.041; 0.009 -1.28 0.199 
GAM  (MUAC)       
<5% - - - - 
5-9% -0.133 -0.155; -0.111 -11.99 <0.001 
10-14% -0.215 -0.240; -0.191 -17.42 <0.001 
≥ 15% -0.273 -0.300; -0.247 -20.34 <0.001 
Livelihood         
Agriculture - - - - 
Agro-Pastoral 0.016 -0.003; 0.036 1.69 0.092 
Other 0.073 0.050; 0.096 6.12 <0.001 
Pastoral -0.021 -0.046; 0.004 -1.67 0.094 
Residence         
Rural - - - - 
Displaced 0.029 0.009; 0.050 2.79 0.005 
Other -0.005 -0.030; 0.020 -0.4 0.691 
Urban -0.016 -0.045; 0.013 -1.1 0.270 
Sample size         
25 - - - - 
50 -0.598 -0.627; -0.568 -40.17 <0.001 
75 -0.704 -0.733; -0.675 -47.31 <0.001 
100 -0.722 -0.751; -0.693 -48.53 <0.001 
125 -0.740 -0.770; -0.711 -49.77 <0.001 
150 -0.747 -0.776; -0.718 -50.2 <0.001 
175 -0.739 -0.768; 0.710 -49.66 <0.001 
200 -0.735 -0.764; -0.706 -49.41 <0.001 
Date         
Before 2006 - - - - 
After 2006 -0.030 -0.046; -0.014 -3.64 <0.001 
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Table 8: Multivariable regression of mean bias  in GAM  estimates using the 
PROBIT Method I 
Region Coef 95% CI t-statistic P-value 
East Africa - - - - 
Asia 0.431 0.400; 0.462 27.26 <0.001 
Caribbean -1.772 -1.832; -1.711 -57.05 <0.001 
C & S Africa -0.094 -0.117; -0.071 -8.08 <0.001 
West Africa -0.626 -0.650; -0.602 -50.76 <0.001 
GAM  (MUAC)         
<5% - - - - 
5-9% -0.185 -0.207; -0.164 -17.04 <0.001 
10-14% -0.487 -0.511; -0.464 -40.09 <0.001 
≥ 15% -0.464 -0.490; -0.438 -35.14 <0.001 
Livelihood         
Agriculture - - - - 
Agro-Pastoral 0.454 0.435; 0.472 47.27 <0.001 
Other -0.466 -0.489; -0.443 -39.77 <0.001 
Pastoral 0.139 0.114; 0.163 11.19 <0.001 
Residence         
Rural - - - - 
Displaced -1.801 -1.822; -1.779 -166.35 <0.001 
Other -0.659 -0.683; -0.634 -52.27 <0.001 
Urban -0.994 -1.022; -0.966 -69.31 <0.001 
Sample size         
25 - - - - 
50 -0.176 -0.204; -0.147 -12.03 <0.001 
75 -0.240 -0.269; -0.212 -16.46 <0.001 
100 -0.283 -0.312; -0.255 -19.4 <0.001 
125 -0.290 -0.318; '-0.261 -19.84 <0.001 
150 -0.303 -0.331; -0.274 -20.72 <0.001 
175 -0.321 -0.350; -0.293 -21.98 <0.001 
200 -0.324 -0.352; -0.295 -22.16 <0.001 
Date         
Before 2006 - - - - 
After 2006 0.691 0.675; 0.707 85.03 <0.001 
Survey design         
Simple random - - - - 
Clustered -0.807 -0.839; -0.775 -49.48 <0.001 
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Table 9: Multivariable regression of mean bias in GAM  estimates using the 
PROBIT Method II 
Region Coef 95% CI t-statistic P-value 
East Africa - - - - 
Asia 0.239 0.210; 0.268 16.12 <0.001 
Caribbean -0.790 -0.847; -0.733 -27.14 <0.001 
C & S Africa 0.048 0.026; 0.069 4.35 <0.001 
West Africa -0.293 -0.316; -0.271 -25.37 <0.001 
GAM  (MUAC)         
<5% - - - - 
5-9% 0.176 0.156; 0.196 17.23 <0.001 
10-14% 0.311 0.288; 0.333 27.25 <0.001 
≥ 15% 0.280 0.255; 0.304 22.6 <0.001 
Livelihood         
Agriculture - - - - 
Agro-Pastoral 0.179 0.161; 0.197 19.88 <0.001 
Other 0.288 0.266; 0.309 26.19 <0.001 
Pastoral 0.545 0.522; 0.568 46.93 <0.001 
Residence         
Rural - - - - 
Displaced -0.572 -0.592; -0.552 -56.39 <0.001 
Other -0.180 -0.203; -0.157 -15.25 <0.001 
Urban -0.284 -0.311; -0.258 -21.14 <0.001 
Sample size         
25 - - - - 
50 -0.063 -0.090; -0.036 -4.61 <0.001 
75 -0.094 -0.121; -0.067 -6.84 <0.001 
100 -0.105 -0.132; -0.078 -7.69 <0.001 
125 -0.109 -0.136; -0.082 -7.97 <0.001 
150 -0.111 -0.138; -0.084 -8.12 <0.001 
175 -0.110 -0.137; -0.083 -8.05 <0.001 
200 -0.114 -0.140; -0.087 -8.29 <0.001 
Date         
Before 2006 - - - - 
After 2006 0.026 0.011; 0.041 3.41 0.001 
Survey design         
Simple random - - - - 
Clustered -0.039 -0.069; -0.009 -2.55 0.011 
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Classification approach 
 
 
We assessed the classification approach looking at three GAM  prevalence (based 
on MUAC) thresholds: 5%, 10% and 15%. The probability of correctly identifying the 
GAM  prevalence as above these three thresholds decreased as the threshold used 
increased and increased as the sample size increased (see Table 10).  
 
The PROBIT Methods had better outcomes for smaller sample size compared to the 
Classic Method. The probability of correctly identifying the GAM  prevalence as 
above 5% was high while for a 10% and 15% threshold, it was quite low (see Table 
10). 
 
A probability of 90% means that one in every ten survey will wrongly classify the 
nutritional status of the population as “normal” instead of as “poor”, “serious” or 
“critical” depending on the threshold used (5%, 10% or 15%). 
 
Table 10: Probability of correctly classifiying the true prevalence of GAM   as 
exceeding a threshold of 5%, 10% or 15% for the different methods 
Sample 
size 
Probability of GAM   
≥ 5% (%) 
Probability of GAM  
 ≥ 10% (%) 
Probability of GAM   
≥ 15% (%) 
Classic 
method 
PROBIT 
I  
PROBIT 
II  
Classic 
method 
PROBIT 
I  
PROBIT 
II  
Classic 
method 
PROBIT 
I  
PROBIT 
II  
25 87.7 91.2 92.4 56.0 69.7 69.6 32.7 55.7 52.1 
50 91.4 91.5 93.4 67.1 72.8 74.8 53.1 62.4 61.4 
75 92.7 91.7 93.7 77.8 74.2 77.4 66.5 65.9 66.8 
100 93.2 91.6 94.0 78.8 75.0 79.3 68.1 68.0 69.8 
125 95.8 91.8 94.3 84.0 75.4 80.6 73.2 68.6 70.9 
150 95.7 91.7 94.4 83.7 75.8 81.4 77.4 69.4 72.6 
175 95.5 91.8 94.5 86.9 75.9 82.1 81.0 70.1 73.7 
200 95.5 91.8 94.7 86.2 76.1 82.3 79.3 70.6 74.5 
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Discussion 
 
This study analysed an exceptionally large database of anthropometric surveys 
conducted mostly in emergency situations, so as to test the performance of two 
candidate methods for acute malnutrition prevalence estimation, compared to the 
current mainstay method. Importantly, this study suggests that two PROBIT 
Methods, relying on far lower sample sizes that is typically the case with classic 
anthropometric surveys, had better performance than the classic method for 
estimating prevalence of GAM  and SAM  in a simulation of small surveys based on 
real survey data. The PROBIT Method had far better precision than the classic 
Method for all sample sizes and a better coverage for smaller sample sizes, while 
having relatively little bias. 
The mean bias in GAM  estimates did not vary much between sample sizes and was 
slightly lower for PROBIT Method II (approximately 0.9 for PROBIT Method I and 0.7 
for PROBIT Method II); it was very low for SAM  estimates. Although the PROBIT 
methods overestimated the prevalence of GAM , individual simulated surveys 
showed both negative and positive bias and it would therefore be difficult to apply 
a systematic downward correction. The precision of PROBIT Methods was 
systematically greater than the precision from the Classic Method. It was 
reasonable starting at a sample size of 50 for PROBIT Method I (6%) and from a 
sample size of 75 for PROBIT Method II (5.5%).  
Blanton and Bilukha22 had concluded that bias from PROBIT method is population 
dependent, which is supported by our results. We found the PROBIT methods had 
smaller bias with higher level of GAM . The PROBIT methods also had minimal mean 
bias in the Caribbean and higher bias in Asia; different sample sizes might be 
required depending on the region (e.g. 25 in the Caribbean and 50 or more in Asia). 
The PROBIT method also showed differences in bias between different livelihood 
zones and residence status. Mean bias also seemed to be higher after 2006 for both 
PROBIT Methods. 
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As would be expected, the precision of all three methods depended on sample size 
and GAM  prevalence, with worse precision (on the proportion scale) as prevalence 
became closer to 50%, and with smaller sample size. However, relative and 
absolute precision was better for the PROBIT methods than the Classic method for 
all sample sizes.  
The PROBIT Methods had better classification performance for smaller sample sizes 
for all cut-off points assessed (5%, 10% and 15%). The 10% and 15% thresholds yield 
low probabilities of classifying the situation correctly while the 5% threshold 
classified the situation correctly over 90% of the time with a sample size as small as 
25 for both PROBIT Methods.  
 
This paper had several strengths: 
 
i) It showed the PROBIT Methods can produce robust estimates for sample 
sizes as small as 50. This important finding opens up avenues for the use 
of either PROBIT method as part of nutrition surveillance systems and in 
particular for early warning, since the small sample size requirement 
would enable regular data collection and timely generation of 
information.   
 
ii) It examined the performance of the PROBIT Method in different regions: 
the sample size required may differ depending on the region.  
 
iii) It assessed the PROBIT Method for a range of survey designs and is the 
first to include analysis for clustered sample surveys.  
 
iv) It focuses on the assessment of AM with MUAC which is more feasible in the 
community and allows for rapid screening. The use of MUAC for community 
surveillance is best to assess the number of children in need of treatment as 
there is an increasing interest in MUAC-only nutrition programming 4-8 
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v) It explored the possibility of using PROBIT with a classification approach. 
 
 
 
 
We also recognise this analysis some limitations: 
 
i) Surveys were used as proxies for true populations. Although it is hard to 
quantify the impact on the bias and precision of the proposed methods,  
we do not believe it would outweigh the advantages of the methods. 
 
ii) We did not factor in oedematous malnutrition. However, estimates of 
GAM  are generally similar whether including oedematous malnutrition 
or not, with the exception of areas with very high kwashiorkor burden3. 
 
iii) We did not transform or smooth our data from the simulated sample to 
ensure the MUAC distribution approximated normality. Previous work 
has suggested that the assumption of a normal distribution is reasonable 
for MUAC. That study also showed that different transformations or 
smoothing techniques may be required for “non-normal” distributions to 
reach normality which would render this method more complicated21. 
Furthermore, the bias in prevalence estimates was only very slightly 
reduced when Dale et al18 assessed normal transformed data compared 
to non-transformed data. We therefore do not believe this may have 
significantly impacted the outcomes of the methods assessed. 
 
iv) The design of the 852 surveys was taken into account when simulating 
samples but the design effect was not further factored in when 
calculating the confidence intervals of both PROBIT methods which may 
have underestimated the width of the confidence intervals for both 
methods. 
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v) Although assessment of acute malnutrition is traditionally done by 
estimating the prevalence, it should be assessed using incidence30, 31. 
The PROBIT methods may be inappropriate for this purpose as cases are 
not directly identified but their numbers are estimated. As a result, it is 
impossible to say at each assessment whether a case is a new case or a 
case which has already been identified. 
 
 
Future work could assess: 
 
-  Which of the two PROBIT methods is better for routine field use (e.g. considering 
usability, practicability). The PROBIT Method I requires previous surveys data from 
the region where the assessment is taking place. We may be able to use the SD 
MUAC used in the present work or use country level SD.  
 
- Other approached in the Probit estimation. The paper describes one approach to 
applying probit to estimating prevalence. There are other approaches that might be 
considered e.g. more non-parametric compared to the semi-parametric approach 
described here or a Bayesian approach to the PROBIT Method, incorporating the 
prior information from previous surveys as a way to potentially increase precision 
and decrease bias. This method could for example use the MUAC SDs from surveys 
to inform a prior for the distribution of MUAC SD for use in a Bayesian estimate of 
PROBIT prevalence from small sample surveys. 
 
- User-friendly software package/mobile phone platform where once raw-data 
entered, results would be available immediately (e.g. ENA32) 
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Conclusion  
 
PROBIT Methods have a clear advantage in the assessment of acute malnutrition 
prevalence based on MUAC, compared to the classic prevalence based method. 
Their use would require much lower sample sizes, and would thus enable great 
time and resource savings.  There is great potential in their use in surveillance 
systems in order to produce timely and/or locally relevant prevalence estimates of 
acute malnutrition and enable a swift and well-targeted response/intervention. 
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Chapter 8 – Discussion and Conclusion 
 
 
8.1 Summary of research findings 
 
The aim of this thesis was to develop a new method for nutritional surveillance to 
assess acute malnutrition prevalence using PROBIT Methods based on MUAC. 
Objective one, to compare the appropriateness of MUAC versus other 
anthropometric measurements or indices to assess change in the nutritional status 
of a population, identified MUAC as the best in the detection of short-term change. 
Objectives 2, 3, 4 and 5 explored the assumption behind the proposed Methods as 
well as the outcome and performances of the Methods.  These four objectives were 
carried out on a database of 852 nutritional surveys including 668 975 children from 
6 to 59 months old. Table 1 below summarises the main findings for each objective. 
 
The PROBIT Methods presented in this thesis perform well. Both the PROBIT 
Method I (using mean from small sample size surveys and SD from pooled SD from 
surveys previously conducted in the geographic stratum) and the PROBIT Method II 
(using mean and SD from the small sample survey) have good outcomes using 
estimation and classification approaches. The advantage of PROBIT Methods over 
the classic method is particularly notable for very small sample sizes (under 75) 
which would allow considerable time and resource (i.e. logistics, finance and human 
resources) savings.   
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Table 1: Main findings for each objective 
Objectives Main findings 
Identify appropriate 
index/measure to 
assess change in 
nutritional status of 
a population 
- Measures and indices such as weight, WFH, TSF and MUAC perform well  
 
- After applying a set of criteria (simplicity, acceptability, cost, 
independence of age, reliability and accuracy), MUAC stands out as the best 
measure  
Explore normality of 
MUAC 
- MUAC distribution showed no departure from normality in 38% of the 
surveys                         
 
 - MUAC distribution showed no departure from normality in 75% of the 
surveys after applying LOESS or Spline smoothing techniques   
 
- Applying Box-Cox transformation on surveys showing departure from 
normality after smoothing resulted in over 80% surveys approximating a 
normal distribution 
Explore MUAC- 
oedema association 
- 60% of oedema cases are missed by measuring GAM  only and over 80% 
by assessing SAM  using MUAC         
                                                                   
- The difference in prevalence between GAM  and GAM and between SAM  
and SAM are marginal overall, but the picture is different at regional level 
Assess assumptions 
linked to MUAC SD  
- Once stratified by region, MUAC SD fell within a reasonably narrow range 
 
- The variability of MUAC SD varied slightly over time 
 
- MUAC SD varied slightly by GAM  category 
Assess outcome of 
PROBIT  Methods 
- PROBIT Methods have clear advantage over the Classic Method for sample 
sizes under 75 using classification and estimation approaches 
 
- The PROBIT approach had better precision than the classic approach for all 
sample sizes and a better coverage for smaller sample sizes, while having 
relatively little bias 
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Estimation approach 
 
The PROBIT Methods slightly overestimate the prevalence of GAM  (slight bias), but 
the precision is systematically greater than the precision from the Classic Method. 
Furthermore, GAM  precision was reasonable starting at a sample size of 50 for 
PROBIT Method I (half 95% CI of 6.2%) and from a sample size of 75 for PROBIT 
Method II (half 95% CI of 5.5%). The mean bias is minimal for SAM  estimates using 
the PROBIT Methods and although the precision is higher than for the Classic 
Method, it is not very satisfactory. A precision of approximately +/- 2% is reached 
for a sample size of 100 for both PROBIT Method (compared to a +/- 5% for the 
Classic Method).  
 
 
Classification Approach 
 
The PROBIT Methods have higher probability to classify GAM  prevalence correctly 
than the Classic Method for very small sample sizes; and the PROBIT Method II has 
a slightly better outcome using the classification approach than PROBIT Method I. 
The probability of correctly classifying the GAM  prevalence was low for 10% and 
15% thresholds, but was over 90% for a 5% threshold for both PROBIT Methods for 
sample sizes as small as 25.  
 
 
 Performance by region 
 
Overall, the mean bias is slightly lower with PROBIT Method II while the mean 
precision is finer with PROBIT Method I.  In the Caribbean, both PROBIT Methods 
have minimal bias, but the precision obtained with PROBIT Method I would allow 
using sample sizes as small as 25 while the PROBIT Method II would likely require a 
sample size of 50. Both PROBIT Methods have reasonable bias and precision in 
West Africa and Central and South Africa with a sample size of 50, while East Africa 
and Asia may require a sample size of 75 for better precision. 
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Assumptions behind the Methods 
 
Both PROBIT Methods entail the following two common assumptions: firstly, that 
MUAC distribution is “normal” or can be transformed to take a normal distribution; 
and secondly, that SAM/GAM MUAC cut-offs are sensitive enough to oedema (i.e. 
there is an overlap between children with low MUAC and children with oedema). 
These two assumptions were verified as follows: 
 
 Over a third of MUAC distributions in the database were normally 
distributed. MUAC distributions can easily be normalised applying simple 
smoothing techniques if the distribution is noisy or displays digit preference, 
and then by applying Box-Cox transformation if indicated (i.e. if data are 
skewed). Both Spline and LOESS smoothing techniques increased the 
proportion of “normal distribution” to three quarters; and this proportion 
reached over 80% after applying Box-Cox transformation on surveys 
showing departure from normality after smoothing (Chapter 4). 
 
 Two thirds of oedema cases are missed by measuring GAM  only, and over 
80% are missed by assessing SAM  using MUAC. The difference in prevalence 
between GAM  and GAM and between SAM  and SAM are not significant 
overall. In Central and South Africa where the largest number and 
prevalence of oedema cases was observed, the mean difference between 
global estimates was under 1%. The difference between SAM and SAM  was 
1%. These results indicate that using MUAC alone for global estimates is 
reasonable worldwide, while where kwashiorkor accounts for a non-
negligible proportion of SAM, using SAM  alone significantly underestimates 
the estimate of SAM prevalence. 
 
The PROBIT Method I entailed other assumptions: (i) the variability in MUAC SD 
from our database of nutritional surveys is representative of the variability that we 
can expect in the future; (ii) MUAC SD is itself not strongly associated with average 
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nutritional status; and (iii) that within a given stratum, there is little variability in 
MUAC SD.  
 
 MUAC SD varies slightly over time. The methods outcomes were therefore 
examined before 2006 and after 2006. This date was picked as SMART 
methodology was implemented in 2006, which may have impacted on the 
quality of the surveys.  The bias in the PROBIT Method I is significantly lower 
after 2006 in a multivariable regression, but it was also the case for the 
PROBIT Method II that did not rely on MUAC SD from previous surveys. 
Furthermore, the mean bias is significantly higher for the Classic Method 
after 2006. 
 
 
 MUAC SD varied a little between GAM  categories based on MUAC (<5%, 5-
9%, 10-14%, ≥15%). The Methods were assessed for different GAM  
categories. PROBIT Method I showed lower mean bias and lower mean 
precision for GAM  categories 5-9% and ≥15%, while the PROBIT Method II 
had lower bias and higher precision for lower GAM  categories (<5% and 5-
9%), and the Classic Method had a higher bias the higher the GAM  
category. Differences in mean bias were significant in multivariable 
regressions for all Methods. 
 
 There is reasonable homogeneity in MUAC SD across the entire dataset. 
MUAC SD varies between region, livelihood zones and residence status. The 
database was stratified by region as it most allows for minimising the 
variability of MUAC SD. 
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8.2 Overall applications of the thesis 
 
The proposed methods are not a stand-alone system; rather, they are designed to 
complement and feed into existing nutrition surveillance systems. It is essential that 
the findings are made available on a real-time basis and can be fed into national 
early warning systems for food security and nutrition. This method is field-practical 
and requires low levels of resources (i.e. time, human resources, and finances), 
which would enable more routine and timely estimations of SAM/GAM prevalence. 
It is particularly suitable in resource-constrained and crisis-affected settings. 
 
As part of the nutrition surveillance systems, some of the Method’s general 
applications include:  
  
i) better planning for nutrition programmes where the estimation of GAM 
prevalence would enable planning needs depending expected caseloads 
 
ii) better targeted interventions, since an independent estimate of GAM 
could be computed for small spatial or population strata of a large 
region 
 
 
iii) Better monitoring and evalution of nutrition programmes and justify 
more rapid and responsive scale-up/scale down of intervention 
 
iv) More timely intervention as PROBIT Methods could be used for rapid 
assessment 
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Estimation and classification approach 
  
The main advantage of estimation is that trends can be monitored over time, 
whereas the main advantage of classification is that the information is simple and 
easy to communicate, and the sample size requirement is usually reduced1.  
 
The estimation approach could be used to follow trends and enable interpretation 
as compared to what it to be expected at the same time of the year, and 
anticipate/put in place intervention before the situation deteriorates. In the 
absence of baseline data, arbitrary benchmarks for gravity of the nutritional 
situation could be used such as a MUAC adaptation of the widely used WFH GAM  
classification2-4 (see Table 2). The same thresholds could be used with MUAC. Both 
PROBIT Methods proposed yield GAM estimates with reasonable precision using a 
sample size of 50 (different regions may use different sample sizes, see Research 
Findings section above).  
 
Although the precision of SAM estimates produced by the PROBIT Methods is not 
very high, SAM estimates could be particularly useful to infer the SAM caseload to 
expect in programmes treating children with SAM. However, in places where 
kwashiorkor accounts for a non-negligible proportion of SAM, an upward correction 
factor will need to be applied to the SAM estimates generated. 
 
The PROBIT Methods had good classification outcomes for the 5% threshold. The 
probability of correctly classifying GAM  prevalence as ≥ 5 % was over 90%. This 
could be used to decide whether further investigation is needed. In a situation 
where the GAM  prevalence is ≥ 5 % with aggravating factors (see paragraph 
below), additional, more costly and resource intensive assessments could then be 
conducted.   
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Whether using the estimation or classification approach, the proposed PROBIT 
Methods suggest the use of very small sample size for the assessment of acute 
malnutrition. This would allow substantial resource savings (i.e. time, financial, 
human resources) and would enable the frequency required for a swift response, if 
required. Furthermore, the use of MUAC alone would make training, supervision 
and analysis easier. It is also feasible and acceptable in the community and the 
MUAC tool is cheap, easy to transport and easy to use5-7. This would also allow for 
better monitoring and evaluation of nutrition programme as these method would 
allow to measure impact of programme on acute malnutrition prevalemce on a 
regular basis and at the programme geographic resolution. 
 
 
Table 2: WHO decision chart for the implementation of selective feeding 
programmes (based on WFH GAM ) 
Finding Action required 
Malnutrition rate ≥15% 
 or  
10-14% with aggravating 
factors 
 
Serious situation:  
-General rations (unless situation is limited to vulnerable groups); 
plus  
-Supplementary feeding generalised for all members of vulnerable 
groups, especially children and pregnant and lactating women  
- Therapeutic feeding programme for severely malnourished 
individuals 
 
Malnutrition rate 10-14%  
or  
5-9% with aggravating 
factors 
Risky situation  
- No general rations; but  
- Supplementary feeding targeted to individuals as malnourished 
in vulnerable groups  
- Therapeutic feeding programme for severely malnourished 
individuals 
Malnutrition rate < 10% 
with no aggravating 
factors 
Acceptable situation:  
- No need for population interventions   
- Attention for malnourished individuals through regular 
community services 
Adapted from WHO The management of nutrition in major emergencies (2000)
8
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In settings considered at risk, data could be collected on a quarterly basis as a 
starting point. The time of data collection will have to line up good (e.g. post-
harvest) and bad (e.g. lean season) period of the year, as well as agricultural and 
disease calendars. 
The same GAM estimates/or classification can mean different things in different 
contexts or time of the year. For example, a GAM prevalence of 10% cannot be 
interpreted the meaning the same thing post-harvest or during the lean season. 
GAM Estimates or classification need to be put into context, and other available 
data such as food security, morbidity and mortality, markets prices, access to food 
should be taken into account in order to interpret results (see “aggravating” factors 
in Table 2).   
 
Although widely used, the evidence base behind the classification Table 2 is very 
weak and has limitations. Another more flexible apporach was described in a field 
exchange article9 that would be based on the number of children suffereing from 
acute malnutriton the health system can treat and the expected number of cases.  
Intervention would then be planed when expected number of cases exceed the 
health system’s capacity. 
 
 
Sampling design 
 
Different sampling designs will be considered depending on various settings (e.g. 
individual camps; large regions; rural districts). The PROBIT Methods performed 
well using simple random sampling and multi-stage cluster sampling.   
 
A simple random sampling could be used when a list of households is available or 
where the population is geographically concentrated and households are arranged 
in a regular pattern. Such a situation may occur in a camp or in urban areas (e.g. 
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blocks of flats). The basic sampling units (i.e. household) are numbered and the 
desired number of units are then randomly selected from a random number table.  
 
Cluster sampling is the most common form of sampling and is done in two stages: 
 
1. The entire population is divided into smaller discrete geographical areas (i.e. 
villages) whose population is known or can be estimated. Clusters are then 
randomly selected from these villages (using probability to population size 
(PPS) approach: each person in the whole area has an equal chance of being 
selected). For both PROBIT Methods, 25 clusters will be selected.  
2. A simple random sampling can be used if possible to select units (i.e. 
households) within clusters. Other options are to use systematic random 
sampling when an updated and exhaustive list of households in the cluster is 
available or possible to make. In that case the first household is randomly 
selected and the subsequent households are visited systematically using a 
“sampling interval” (total number of households/ sample size required). 
Otherwise, the first household to visit is selected randomly and the subsequent 
households to visit is the next to the right until the number of children to 
measured reached. 
 
 
 
      Technology and mapping 
 
The use of tablets and mobile phones for data collection is increasingly used for 
data collection and could be used to conduct the surveys using PROBIT Methods. 
Data collected would be automatically checked and compiled in order to produce 
results instantaneously. Mapping prevalence estimates or degree of seriousness of 
a situation using software such as Geographic Information System (GIS) could also 
be a useful tool to easily communicate outcomes to humanitarian actors and policy 
makers.  
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8.3 Limitations 
 
I recognise this thesis has several limitations: 
 
Although the main assumption behind the PROBIT Methods were validated, the 
following two assumptions behind the PROBIT Method II were not: (i) the variability 
in MUAC SD from our database of nutritional surveys is representative of the 
variability that we can expect in the future; and (ii) MUAC SD is itself not strongly 
associated with average nutritional status. Specifically: 
 
i) MUAC SD varies slightly over time, and the out the mean bias of PROBIT 
Method II showed significant differences between time periods once in a 
multiple linear regression. However, this was the case for all methods 
assessed and is therefore not necessarily linked to MUAC SD’s variability 
over time.  
 
ii) Similarly, although MUAC SD varies slightly between GAM  categories 
based on MUAC (<5%, 5-9%, 10-14%, ≥15%), the outcomes of all 
Methods assessed showed significant differences by GAM  categories.  
 
Another important limitation is the fact that surveys were used as proxies for true 
populations. We do not know what implication this may have on the bias and 
precision of the proposed Method.      
 
Other limitations are discussed in each of the four research papers. 
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8.4 Future Research 
 
Findings from this thesis raise additional questions, which could be addressed in the 
following future research: 
 
 
i) The development of a user-friendly data collection tool using tablets or 
smart phones. The device or software could include a system to flag 
extreme values in order to avoid errors in data entry; 
 
ii) The development of a user-friendly tool to enter and analyse data using 
the PROBIT Methods. The tool would calculate the estimates of 
SAM/GAM or classify GAM instantaneously once MUAC values collected.  
This would allow results to be available as soon as data collection is over. 
Digit preference could be explored as possible way to assess data 
quality; 
 
iii) The piloting of the PROBIT methods presented in this thesis could be 
conducted in one or more field settings, such as in urban or rural areas 
and in different regions, selected based on findings from this thesis. 
Different sampling strategies could also be tested. The pilot studies 
would mainly focus on the feasibility and usefulness of the Methods; 
 
iv) Although the Methods presented in the thesis perform well, there is 
potential for improvement.  Future research could examine a Bayesian 
approach to the PROBIT Method, incorporating the prior information 
from previous surveys as a way to potentially increase precision and 
decrease bias. For example, this method could use MUAC SDs from 
surveys to inform a prior for the distribution of MUAC SD for use in a 
Bayesian estimate of PROBIT prevalence from small sample surveys; and 
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v) This thesis highlighted that in countries where kwashiorkor accounts for 
a large proportion of SAM cases, the estimation of SAM based on MUAC 
alone would underestimate the prevalence of SAM. Another potential 
area for research would be to establish the necessary upward correction 
needed for SAM in these high prevalence kwashiorkor countries. 
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8.5 Conclusions 
 
This thesis explores the use of PROBIT Methods with MUAC for the assessment of 
acute malnutrition. It shows that these Methods have a clear advantage compared 
to the classic prevalence based method. The use of PROBIT Methods would require 
much lower sample sizes, which would allow substantial resource savings (i.e. time, 
financial, and human resources) and would enable the frequency required for a 
swift response. The use of MUAC alone would make the training, supervision and 
analysis easier. Furthermore, MUAC is the best measure to detect short term 
changes in the nutritional status of the population and is the most suitable measure 
at community level. Finally, the proposed PROBIT Methods fit in well with the 
increasing interest in MUAC-only nutrition programming. There is great potential in 
their use in surveillance systems in order to produce timely and/or locally relevant 
prevalence estimates of acute malnutrition, to enable timely and well-targeted 
responses and interventions. 
 
 
 
 
 
 
 
  
 CHAPTER 8: DISCUSSION AND CONCLUSION     
171 
 
References 
 
1. Blanton, C. and O.O. Bilukha, The PROBIT approach in estimating the 
prevalence of wasting: Revisiting bias and precision. Emerging Themes in 
Epidemiology, 2013. 10(1): p. no pagination. 
2. Mason, J.B. and J.T. Mitchell, Nutritional surveillance. Bulletin of the World 
Health Organization, 1983. 61(5): p. 745-55. 
3. Young, H.J., S, The meaning and measurement of acute malnutrition in 
emergencies: a primer for decision-makers. Humanitarian Practices Network, 
2006. 56. 
4. Young, H.J., S, Review of Nutrition and Mortality Indicators for the 
Integrated Food Security Phase Classification (IPC): Reference Levels and 
Decision-Making. 2009. 
5. Briend, A., et al., Mid-upper arm circumference and weight-for-height to 
identify high-risk malnourished under-five children. Matern Child Nutr, 2012. 
8(1): p. 130-3. 
6. Myatt, M., T. Khara, and S. Collins, A review of methods to detect cases of 
severely malnourished children in the community for their admission into 
community-based therapeutic care programs. Food and nutrition bulletin, 
2006. 27(3 Suppl): p. S7-23. 
7. Prendiville, N., Nutrition Surveillance in Somalia. Field Exchange, 2001(14): 
p. 14. 
8. WHO, The management of nutrition in major emergencies. 2000, World 
Health Organization: Geneva. 
9. Hailey, P. and D. Tewoldeberha, Suggested New Design Framework for 
CMAM Programming. . Field Exchange 2010. 39. 
 
  
172 
 
 
 
 
 
 
 
 
ANNEXES 
 
 
ANNEXES  
173 
 
Annex I: MUAC versus MUAC-for-age  
 
MUAC grows continuously with age, and when a fixed cut-off is used for identifying 
SAM children, more young children are selected than with an index independent of 
age. In 1993, a WHO Expert Committee reviewed the scientific evidence underlying 
the use and interpretation of MUAC 1. The Committee examined mean MUAC data 
across ages from the NCHS sample of children in the USA, and for a cohort of 
Malawian children. For both populations, MUAC increased by approximately 2 cm 
between 6 and 59 months of age. A WHO expert Committee therefore 
recommended a new MUAC-for-age set of reference data for children aged 6-59 
months 2 that was later included in the 2006 WHO growth standards 3. While 
accurate assessment of age is problematic in many developing countries 4-6, it 
allows for better comparison of anthropometric status across populations with 
varying age structure, and could potentially be more sensitive to alterations in 
anthropometric status than MUAC alone.   
 
Despite the availability of MUAC-for-age references, MUAC-for-age is not used or 
very little while uncorrected MUAC is increasingly recognised as a very useful 
measure of anthropometric status (see chapter 1 and 2). There are numerous 
reasons for this: 
 
 The need to determine age is avoided7. This is widely acknowledged as 
problematic in many developing countries 4-6. Any nutritional indices which 
involve the collection of age data can be difficult, especially in emergency 
settings. There are numerous advantages associated with not needing age: 
o Simplicity: there is also no need to use complex look-up tables to 
determine whether MUAC-for-age is normal or low. 
o Cost and time savings: assessment is very quick and staff can spend 
their time on other more urgent issues.  
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 Uncorrected MUAC biases younger children. This is a desirable bias in terms of 
admission to child health/nutrition programmes since these are at higher risk of 
mortality than older children. Hence is this improves the selection of a high risk 
group.  
 
When looking at age distributions in our database (see chapter 3 for details on 
database), there was strong evidence of rounding of the age variable, suggesting 
poor quality, inaccurate data. Surveys included in the database were conducted in 
settings where dates of birth are usually unknown. Age was approximated with a 
calendar of event and recorded in months. Table 1 presents age preference for 
each year (12 months, 24 months, 48 months and 59 months old) with the 
expected/observed proportion of children per age. Overall, there were 2.2 times 
more children with an age rounded to the nearest year than expected. The age 
preference was particularly high for children around 3 and 4 years old. For this 
reason of inaccurate age, accurate MUAC-for-age is unlikely and risks errors of 
interpretation and incorrect (or missed) referrals if it were to be used in any field 
programmes. 
 
 
Table 1: Age preference across all surveys 
 
Age in 
months 
Number of 
children 
Observed 
% 
Expected 
% 
12 18646 2.8 1.9 
24 30686 4.6 1.9 
36 38785 5.8 1.9 
48 34768 5.2 1.9 
59 18101 2.7 1.9 
All 140986 21.1 9.5 
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Despite the availability of references, since early 2000s, the use of MUAC-for-age 
has not been. It is emphasised in numerous international guidelines: 
 
 A 2007 Joint Statement by WHO, WFP and UNICEF on community-based 
management of SAM8. 
 In a 2009 WHO/UNICEF Joint statement on “WHO child growth standards 
and the identification of severe acute malnutrition in infants and children” 9  
 Recently up-dated 2013 WHO guidelines on the management of SAM 
recommend uncorrected MUAC and not MUAC-for-Age10.  
 
Other recent publications discussing methodological approached to nutrition 
surveillance, the measurement of acute malnutrition and the use of anthropometric 
indicators all focus on unadjusted MUAC and did not mention MUAC-for-Age 11-16. 
Table 2 below was borrowed from a review of methods to detect cases of severely 
malnourished children in the community17. MUAC was clearly identified as the most 
adequate measurement for the screening and detection of malnutrition in the 
community. 
 
MUAC is clearly identified as most appropriate when compared to MUAC-for-age. 
For all the above reasons, this study focuses on unadjusted MUAC as it is dominant 
in international policy and is likely to remain so for the foreseeable future. 
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Table 2: Capacity of common indicators with regard to key properties of case-
detection methods for screening and case detection of malnutrition in the 
community (adapted from Myatt et al) 
 
Property 
Indicator 
Clinical WFA HFA WFH MUAC MUAC/A MUAC/H 
Simplicity  No No No No Yes No Yes (by quick stick only) 
Acceptability  No No No No Yes Yes Yes (by quick stick only) 
Cost No No No No Yes Yes Yes (by quick stick only) 
Objective  No No No Yes Yes No Yes 
Quantitative  No Yes Yes Yes Yes Yes Yes 
Independent of age Yes No No No Yes No Yes 
Precision(reliability) No Yes No No Yes Yes Yes (by quick stick only) 
Accuracy  No No No No Yes No Yes 
Sensitivity  NA Yes No No Yes Yes Yes 
Specificity NA Yes No No Yes Yes Yes 
Predictive value  NA YEs No No Yes Yes Yes 
MUAC/A: MUAC-for-Age, MUAC/H: MUAC-for-Height 
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Annex II: Number of surveys per country 
 
Table 1: Number of surveys per country 
Country 
Number of 
surveys 
Afghanistan 19 
Angola 18 
Bangladesh 5 
Burkina Faso 2 
Burundi 10 
CAF 5 
Cameroun 1 
Chad 19 
DRC 72 
Ethiopia 107 
Guinea 5 
Haiti 13 
India 2 
Kenya 16 
Liberia 3 
Madagascar 1 
Malawi 8 
Mali 6 
Mauritania 2 
Mozambique 1 
Myanmar 9 
Nepal 8 
Niger 44 
Nigeria 4 
Pakistan 11 
RCA 2 
Rwanda 9 
Sierra Leone 11 
Somalia 192 
South Sudan 122 
Sri Lanka 1 
Sudan 100 
Tajikistan 1 
Tanzania 1 
Thailand 2 
Uganda 16 
West Timor 2 
Zambia 2 
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Annex III: Supplemental Online Figures  
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Annex IV: Supplemental Online Tables  
 
Supplemental Table 1: Summary statistics of oedema prevalence in each region 
Region 
Minimum 
(%) 
Lower 
quartile 
(%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile 
(%) 
Maximum 
(%) 
Asia (n=60) 0 0.0 0.1 0.2 0.3 1.2 
Caribbean (n=13) 0 0.1 0.2 0.5 1.1 1.6 
Central & South 
Africa (n=128) 
0 0.2 0.6 1.2 1.4 13.3 
East Africa (n=554) 0 0.0 0.1 0.3 0.4 15.2 
West Africa (n=97) 0 0.0 0.0 0.6 0.3 32.9 
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Supplemental Table 2: Summary statistics of the differences between estimates of 
GAM  and GAM and SAM  and SAM using MUAC or WFH per region 
East Africa (n=554) 
Minimum 
(%) 
Lower 
quartile 
(%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile 
(%) 
Maximum 
(%) 
GAM-GAM  (MUAC) 
 
0.0 0.0 0.0 0.2 0.2 14.7 
GAM-GAM  (WFH) 
 
0.0 0.0 0.0 0.2 0.2 12.5 
SAM-SAM  (MUAC) 
 
0.0 0.0 0.1 0.3 0.3 15.2 
SAM-SAM  (WFH) 
 
0.0 0.0 0.1 0.3 0.3 14.8 
West Africa (n=97) 
Minimum 
(%) 
Lower 
quartile 
(%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile 
(%) 
Maximum 
(%) 
GAM-GAM  (MUAC) 
 
0.0 0.0 0.0 0.4 0.1 26.7 
GAM-GAM  (WFH) 
 
0.0 0.0 0.0 0.4 0.1 27.9 
SAM-SAM  (MUAC) 
 
0.0 0.0 0.0 0.5 0.2 31.3 
SAM-SAM  (WFH) 
 
0.0 0.0 0.0 0.5 0.2 30.8 
Central & South Africa 
(n=128) 
Minimum 
(%) 
Lower 
quartile 
(%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile 
(%) 
Maximum 
(%) 
GAM-GAM  (MUAC) 
 
0.0 0.0 0.2 0.7 0.8 30.8 
GAM-GAM  (WFH) 
 
0.0 0.1 0.3 0.8 0.9 12.6 
SAM-SAM  (MUAC) 
 
0.0 0.1 0.4 1.0 1.1 12.6 
SAM-SAM  (WFH) 
 
0.0 
 
0.2 0.5 1.1 1.1 13.0 
Caribbean 
(n=13) 
Minimum 
(%) 
Lower 
quartile 
(%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile 
(%) 
Maximum 
(%) 
GAM-GAM  (MUAC) 
 
0.0 0.0 0.2 0.3 0.7 1.1 
GAM-GAM  (WFH) 
 
0.0 0.0 0.2 0.4 0.7 1.1 
SAM-SAM  (MUAC) 
 
0.0 0.0 0.2 0.5 1.0 1.4 
SAM-SAM  (WFH) 
 
0.0 0.0 0.2 0.5 1.1 1.6 
Asia 
(n=60) 
Minimum 
(%) 
Lower 
quartile 
(%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile 
(%) 
Maximum 
(%) 
GAM-GAM  (MUAC) 
 
0.0 0.0 0.0 0.1 0.2 1.0 
GAM-GAM  (WFH) 
 
0.0 0.0 0.0 0.1 0.2 1.2 
SAM-SAM  (MUAC) 
 
0.0 0.0 0.0 0.2 0.3 1.0 
SAM-SAM  (WFH) 
 
0.0 0.0 0.1 0.2 0.3 0.2 
GAM, Global Acute Malnutrition; MUAC, Middle-Upper Arm Circumference; SAM, Severe Acute 
Malnutrition; WFH, Weight-For-Height 
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Annex V: Specificity and sensitivity of MUAC in the detection of 
oedema cases 
 
 
Different receiver operating characteristic (ROC) curves were built to look at the 
specificity and sensitivity of MUAC in the detection of oedema cases. These curves 
are plots of the sensitivity versus one minus the specificity of MUAC in the 
detection of oedema cases as MUAC thresholds increase. Figure 1 shows the ROC 
curves of different models from one with all confounders identified with the 
multiple logistic regression (Chapter 5 table 3) to a simple model with MUAC and 
oedema only. The curves are very similar until the variable region is taken out of 
the model. It seemed therefore sensible to look at the relationship between MUAC 
and oedema in each region. 
 
 
 
Table 1 looked at sensitivity and specificity of MUAC in the detection of oedema 
cases in each region. Sensitivity doesn’t vary much; for a MUAC threshold of 
110mm, sensitivity is around 60% (from 57.28 to 65.95%). Specificity varies more, 
from 63.26 to 84.55%. Figure 2 presents the corresponding ROC curves as MUAC 
threshold increased in each region. 
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Figure 1: ROC curves of MUAC (continuous) in the detection of oedema cases in 
different models including adjusted for region, livelihood  and age (a), for region 
and age (b), for region (c) and unadjusted (d) 
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Table 1: Sensitivity and specificity of different cut-off points of MUAC for oedema 
in each region 
  MUAC cut-off point   
 
110 mm 115 mm 120 mm 125 mm  130 mm 135 mm 
East Africa 
     
Sensitivity 66.0 50.6 42.2 27.0 18.2 12.6 
Specificity 66.0 82.4 88.0 95.4 97.7 98.9 
West Africa 
     
Sensitivity 57.3 45.9 36.3 24.0 16.5 11.9 
Specificity 72.3 84.0 89.1 95.4 97.7 98.8 
Central & South Africa 
     
Sensitivity 63.1 50.3 42.6 30.5 16.9 7.6 
Specificity 71.9 83.7 89.0 94.3 97.8 88.2 
Caribbean 
     
Sensitivity 62.7 50.8 41.8 25.4 17.9 11.9 
Specificity 84.6 92.2 95.5 98.3 99.1 99.6 
Asia 
     
Sensitivity 61.7 46.8 34.0 28.7 17.0 8.5 
Specificity 63.3 77.7 87.1 92.6 96.7 99.0 
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Figure2: ROC curve of oedema for different MUAC cut-offs in Asia (a), the Caribbean (b), Central and South Africa (c), East Africa (d) and West Africa (e)
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Annex VI: Supporting information 
 
Supporting Table 1: Bias in GAM  and SAM  estimates 
 
Table 1: Bias in GAM  and SAM  estimates 
Sample size 25 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -16.6 0.0 0.0 1.0 1.6 23.2 
GAM  -31.7 -2.1 0.1 0.7 3.3 33.1 
PROBIT Method I 
SAM   -12.2 -0.7 0.1 0.2 1.0 17.0 
GAM  -21.9 -1.5 0.9 1.2 3.6 25.4 
PROBIT Method II 
SAM   -17.2 -0.8 0.0 0.3 1.2 16.0 
GAM  -26.3 -2.3 0.4 0.8 3.6 27.5 
Sample size 50 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -12.6 0.0 0.0 0.6 1.1 17.4 
GAM  -21.7 -2.3 0.0 0.2 2.3 21.9 
PROBIT Method I 
SAM   -12 -0.6 0.1 0.1 0.9 11.2 
GAM  -19.8 -1.1 0.8 1.0 3.0 20.1 
PROBIT Method II 
SAM   -11.1 -0.6 0.0 0.2 0.3 14.5 
GAM  -19.0 -1.5 0.5 0.8 2.8 19.0 
Sample size 75 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -8.8 0.0 0.0 0.3 0.8 12.8 
GAM  -16.2 -2.0 0.0 0.0 1.9 17.3 
PROBIT Method I 
SAM   -11.4 -0.6 0.1 0.1 0.8 8.7 
GAM  -17 -1 0.9 0.9 2.8 17.3 
PROBIT Method II 
SAM   -9.8 -0.5 0.0 0.1 0.7 10.5 
GAM  -15.5 -1.1 0.6 0.7 2.4 16.2 
Sample size 100 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -7.6 -0.2 0.0 0.2 0.7 9.9 
GAM  -13.6 -1.7 0.0 0.0 1.7 14.2 
PROBIT Method I 
SAM   -11 -0.6 0.1 0.1 0.8 8.1 
GAM  -15.4 -0.9 0.8 0.9 2.7 15.0 
PROBIT Method II 
SAM   -8.4 -0.5 0.0 0.1 0.6 8.1 
GAM  -12.4 -0.9 0.6 0.7 2.2 14.4 
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       Sample size 125 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -7.5 -0.3 0.0 0.2 0.6 10.9 
GAM  -12.5 -1.5 0.0 0.0 1.5 13.7 
PROBIT Method I 
SAM   -11 -0.6 0.1 0.1 0.8 7.6 
GAM  -15.4 -0.9 0.8 0.9 2.7 15.2 
PROBIT Method II 
SAM   -8.4 -0.5 0.0 0.1 0.6 8.3 
GAM  -10.2 -0.7 0.6 0.7 2.1 13.7 
Sample size 150 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -6.9 -0.4 0.0 0.1 0.6 8.9 
GAM  -11.1 -1.3 0.0 0.0 1.3 12.5 
PROBIT Method I 
SAM   -10.7 -0.6 0.1 0.1 0.8 7.6 
GAM  -14.5 -0.9 0.9 0.9 2.6 13.9 
PROBIT Method II 
SAM   -7.8 -0.4 0.0 0.1 0.6 7.3 
GAM  -9.5 -0.6 0.6 0.7 2.0 11.6 
Sample size 175 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -7.0 -0.4 0.0 0.1 0.5 7.1 
GAM  -9.9 -1.2 0.0 0.0 1.2 12.0 
PROBIT Method I 
SAM   -10.7 -0.6 0.1 0.1 0.7 7.3 
GAM  -14.3 -0.8 0.8 0.8 2.6 13.6 
PROBIT Method II 
SAM   -7.4 -0.4 0.0 0.1 0.5 7.2 
GAM  -8.8 -0.5 0.6 0.7 1.9 13.2 
Sample size 200 Minimum 
(%) 
Lower 
Quartile (%) 
Median 
(%) 
Mean 
(%) 
Upper 
quartile (%) 
Maximum 
(%) Classic Method 
SAM   -5.4 -0.4 0.0 0.1 0.5 6.9 
GAM  -9.7 -1.1 0.0 0.0 1.1 10.6 
PROBIT Method I 
SAM   -10.8 -0.6 0.1 0.1 0.7 6.9 
GAM  -14.8 -0.8 0.9 0.8 2.6 12.9 
PROBIT Method II 
SAM   -7.2 -0.4 0 0.1 0.5 7.5 
GAM  -8.7 -0.5 0.6 0.7 1.9 10.9 
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Supporting Table 2: Bias, precision and coverage of the different methods by GAM  categories 
Table 1: Bias of GAM  (a, b, c) and SAM  (d, e, f) estimates by GAM  categories (based on MUAC) (%) 
(a)                             Classic Method (b)                         Probit Method I (c)                           Probit Method II 
Sample 
size 
GAM  
All <5% 5-9% 10-14% ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.7 1.3 1.0 0.4 0.0 
50 0.2 0.5 0.1 0.1 0.0 
75 0.0 0.2 0.0 0.0 0.0 
100 0.0 0.1 0.0 0.0 0.1 
125 0.0 0.0 0.0 0.0 0.0 
150 0.0 0.0 0.0 0.0 0.0 
175 0.0 0.0 0.0 0.0 0.0 
200 0.0 0.0 0.0 0.0 0.0 
 
Sample 
size 
GAM  
All <5% 5-9% 10-14% ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 1.2 1.4 1.3 0.9 1.1 
50 1.0 1.2 1.1 0.7 0.9 
75 0.9 1.2 1.0 0.6 0.8 
100 0.9 1.2 1.0 0.6 0.7 
125 0.9 1.2 1.0 0.5 0.7 
150 0.9 1.1 1.0 0.6 0.7 
175 0.8 1.1 1.0 0.5 0.7 
200 0.8 1.1 1.0 0.5 0.7 
 
Sample 
size 
GAM  
All <5% 5-9% 10-14% ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.8 0.8 0.9 0.9 0.7 
50 0.8 0.6 0.8 0.9 0.8 
75 0.7 0.5 0.7 0.8 0.9 
100 0.7 0.5 0.7 0.8 0.9 
125 0.7 0.5 0.7 0.8 0.9 
150 0.7 0.5 0.7 0.8 0.9 
175 0.7 0.5 0.7 0.8 0.9 
200 0.7 0.5 0.7 0.8 0.9 
 
(d)                             Classic Method (e)                         Probit Method I (f)                           Probit Method II 
Sample 
size 
SAM  
All <5% 5-9% 10-14% ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 1.0 0.5 0.9 1.3 1.3 
50 0.5 0.4 0.6 0.6 0.4 
75 0.3 0.3 0.4 0.3 0.2 
100 0.2 0.3 0.3 0.2 0.0 
125 0.2 0.2 0.2 0.1 0.1 
150 0.1 0.2 0.1 0.1 0.0 
175 0.1 0.1 0.1 0.1 0.0 
200 0.1 0.1 0.1 0.0 0.0 
 
Sample 
size 
SAM  
All <5% 5-9% 10-14% ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.2 0.1 0.2 0.2 0.5 
50 0.1 0.0 0.1 0.1 0.3 
75 0.1 0.0 0.1 0.1 0.3 
100 0.1 0.1 0.1 0.0 0.2 
125 0.1 0.1 0.1 0.0 0.2 
150 0.1 0.1 0.0 0.0 0.2 
175 0.1 0.1 0.0 0.0 0.2 
200 0.1 0.1 0.0 0.0 0.2 
 
Sample 
size 
SAM  
All <5% 5-9% 10-14% ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.3 0.1 0.2 0.4 0.6 
50 0.2 0.0 0.1 0.3 0.5 
75 0.1 0.0 0.0 0.2 0.5 
100 0.1 0.1 0.0 0.2 0.4 
125 0.1 0.1 0.0 0.1 0.4 
150 0.1 -0.1 0.0 0.1 0.4 
175 0.1 -0.1 0.0 0.1 0.4 
200 0.1 -0.1 0.0 0.1 0.4 
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Table 2: Precision (Half 95% CI) of GAM  (a, b, c) and SAM  (d, e, f) estimates by GAM  categories(based on MUAC) (%) 
(a)                             Classic Method (b)                         Probit Method I (c)                           Probit Method II 
Sample 
size 
GAM  
All <5% 5-9 % 10-14 % ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 14.2 11.7 13.6 14.9 16.5 
50 9.3 7.3 8.6 10.1 11.7 
75 7.4 5.5 6.8 8.2 9.7 
100 6.4 4.6 5.8 7.2 8.6 
125 5.8 4.0 5.2 6.5 7.9 
150 5.3 3.6 4.8 6.0 7.4 
175 5.0 3.3 4.5 5.6 6.9 
200 4.7 3.1 4.2 5.3 6.6 
 
Sample 
size 
GAM  
All <5% 5-9 % 10-14 % ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 7.9 4.9 7.0 9.1 11.4 
50 6.2 3.9 5.6 7.1 8.7 
75 5.5 3.6 5.1 6.3 7.6 
100 5.1 3.4 4.7 5.8 6.9 
125 4.9 3.3 4.6 5.5 6.4 
150 4.7 3.2 4.4 5.3 6.1 
175 4.6 3.2 4.3 5.2 5.9 
200 4.5 3.1 4.3 5.1 5.7 
 
Sample 
size 
GAM  
All <5% 5-9 % 10-14 % ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 9.9 6.6 9.2 11.2 13.0 
50 6.7 4.2 6.1 7.7 9.0 
75 5.4 3.3 4.9 6.2 7.4 
100 4.6 2.9 4.2 5.4 6.4 
125 4.2 2.5 3.8 4.8 5.7 
150 3.8 2.3 3.5 4.4 5.2 
175 3.5 2.1 3.2 4.1 4.9 
200 3.3 2.0 3.0 3.8 4.6 
 
(d)                             Classic Method (e)                         Probit Method I (f)                           Probit Method II 
Sample 
size 
SAM  
All <5% 5-9 % 10-14 % ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 10.7 6.0 9.7 11.7 12.9 
50 6.8 4.5 6.4 7.2 8.0 
75 5.1 3.6 4.7 5.4 6.1 
100 4.1 3.0 3.8 4.4 5.1 
125 3.5 2.6 3.2 3.7 4.5 
150 3.1 2.2 2.8 3.3 4.1 
175 2.8 2.0 2.5 3.0 3.8 
200 2.6 1.8 2.3 2.8 3.6 
 
Sample 
size 
SAM  
All <5% 5-9 % 10-14 % ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 3.0 1.4 2.4 3.6 5.5 
50 2.5 1.2 2.0 2.9 4.4 
75 2.3 1.1 1.8 2.7 4.0 
100 2.2 1.0 1.8 2.6 3.8 
125 2.1 1.0 1.7 2.5 3.6 
150 2.1 1.0 1.7 2.4 3.6 
175 2.0 1.0 1.7 2.4 3.5 
200 2.0 1.0 1.6 2.4 3.4 
 
Sample 
size 
SAM  
All <5% 5-9 % 10-14 % ≥15% 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 4.8 2.6 4.1 5.7 7.3 
50 2.8 1.3 2.3 3.4 4.7 
75 2.2 0.9 1.7 2.7 3.8 
100 1.9 0.8 1.5 2.3 3.2 
125 1.6 0.6 1.3 2.0 2.9 
150 1.5 0.6 1.1 1.8 2.6 
175 1.4 0.5 1.0 1.7 2.4 
200 1.3 0.5 1.0 1.6 2.3 
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Table 3: Coverage of GAM  (a, b, c) and SAM  (d, e, f) estimates by GAM  categories (based on MUAC) (%) 
(a)                             Classic Method (b)                         Probit Method I (c)                           Probit Method II 
Sample 
size 
GAM  
All 
(%) 
<5% 
(%) 
5-9 
(%) 
10-14% 
(%) 
≥15% 
(%) 
25 83.7 56.9 82.7 94.4 97.8 
50 93.9 80.6 95.4 97.9 97.9 
75 96.5 90.2 97.8 97.8 97.6 
100 97.3 94.2 98.2 97.5 98.0 
125 97.8 96.3 98.2 97.9 98.3 
150 98.1 97.8 98.2 98.0 98.4 
175 98.4 98.2 98.4 98.3 98.6 
200 98.6 98.6 98.6 98.4 98.8 
 
Sample 
size 
GAM  
All 
(%) 
<5% 
(%) 
5-9 
(%) 
10-14 
(%) 
≥15% 
(%) 
25 92.1 89.7 92.1 93.0 93.0 
50 91.2 88.4 91.4 92.3 92.2 
75 90.4 87.1 90.6 91.9 90.9 
100 89.8 86.8 90.2 90.9 90.2 
125 89.4 86.3 89.7 90.4 89.6 
150 88.9 86.1 89.5 89.5 88.9 
175 88.8 86.0 89.4 89.8 88.5 
200 88.4 85.6 89.2 89.1 87.9 
 
Sample 
size 
GAM  
All 
(%) 
<5% 
(%) 
5-9 
(%) 
10-14% 
(%) 
≥15% 
(%) 
25 94.5 93.7 94.3 94.9 95.5 
50 93.6 92.7 93.2 93.8 95.0 
75 93.1 91.4 93.0 93.7 94.1 
100 92.5 90.8 92.2 93.2 93.8 
125 91.8 89.9 91.6 92.4 93.6 
150 91.0 88.6 90.7 91.8 93.0 
175 90.4 88.1 90.0 91.4 92.2 
200 89.9 87.5 89.5 90.8 91.9 
 
(d)                             Classic Method (e)                         Probit Method I (f)                           Probit Method II 
Sample 
size 
SAM  
All 
(%) 
<5% 
(%) 
5-9 
(%) 
10-14% 
(%) 
≥15% 
(%) 
25 35.4 10.4 26.7 46.5 66.4 
50 55.3 22.4 47.8 70.2 85.8 
75 67.1 33.1 61.5 82.6 93.3 
100 75.2 42.5 71.8 89.0 96.6 
125 80.4 49.9 78.4 93.2 97.5 
150 84.2 55.9 83.6 95.2 98.4 
175 87.3 61.9 87.7 96.5 98.6 
200 89.6 66.8 90.7 97.4 98.7 
 
Sample 
size 
SAM  
All 
(%) 
<5% 
(%) 
5-9% 
(%) 
10-14% 
(%) 
≥15% 
(%) 
25 89.9 86.5 91.2 91.2 88.5 
50 88.8 85.1 90.8 89.8 86.2 
75 88.0 83.9 90.2 89.3 84.8 
100 87.4 83.7 89.9 88.3  83.7 
125 87.3 83.2 89.8 88.3 83.5 
150 87.1 82.7 89.9 87.8 83.5 
175 87.0 82.5 89.8 87.8 83.2 
200 86.8 82.4 89.8 87.6 82.7 
 
Sample 
size 
SAM  
All 
(%) 
<5% 
(%) 
5-9 
(%) 
10-14% 
(%) 
≥15% 
(%) 
25 92.7 89.1 93.2 93.7 93.7 
50 91.1 86.5 91.7 92.1 92.6 
75 89.7 84.3 90.4 91.4 90.8 
100 88.7 83.1 89.6 90.2 89.7 
125 87.7 81.9 88.7 89.6 88.5 
150 86.5 80.5 87.5 88.4 87.3 
175 85.7 79.0 86.7 87.9 86.4 
200 84.5 77.4 85.6 87.3 85.0 
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Supporting Table 3: Bias, precision and coverage of the different methods by region 
Table 1: Bias of GAM  (a, b, c) and SAM  (d, e, f) estimates by region (based on MUAC) (%) 
(a)                             Classic Method (b)                         Probit Method I (c)                           Probit Method II 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.7 0.7 0.8 0.7 1.3 0.7 
50 0.2 0.1 0.2 0.2 0.4 0.1 
75 0.0 0.0 0.0 0.1 0.2 0.1 
100 0.0 0.0 0.0 0.0 0.0 0.0 
125 0.0 0.0 0.0 0.0 0.0 0.1 
150 0.0 0.0 0.0 0.0 0.0 0.0 
175 0.0 0.0 0.0 0.0 0.0 0.1 
200 0.0 0.0 0.0 0.0 0.0 0.0 
 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 1.2 1.3 0.8 1.1 0.0 1.4 
50 1.0 1.1 0.6 0.9 -0.1 1.1 
75 0.9 1.0 0.6 0.8 -0.2 1.1 
100 0.9 1.0 0.5 0.8 -0.2 1.0 
125 0.9 1.0 0.5 0.8 -0.2 1.0 
150 0.9 1.0 0.5 0.8 -0.2 1.0 
175 0.8 0.9 0.5 0.7 -0.2 1.0 
200 0.8 0.9 0.5 0.7 -0.2 1.0 
 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.8 0.9 0.5 0.8 0.1 0.8 
50 0.8 0.8 0.5 0.8 -0.1 0.8 
75 0.7 0.8 0.4 0.7 -0.1 0.8 
100 0.7 0.8 0.4 0.7 -0.1 0.8 
125 0.7 0.8 0.4 0.7 -0.2 0.8 
150 0.7 0.8 0.4 0.7 -0.1 0.8 
175 0.7 0.8 0.4 0.7 -0.2 0.8 
200 0.7 0.8 0.4 0.7 -0.2 0.8 
 
(d)                             Classic Method (e)                         Probit Method I (f)                           Probit Method II 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 1.0 1.0 0.9 1.0 0.6 1.1 
50 0.6 0.5 0.6 0.5 0.5 0.5 
75 0.3 0.3 0.4 0.3 0.4 0.3 
100 0.2 0.2 0.2 0.2 0.3 0.2 
125 0.2 0.2 0.2 0.2 0.2 0.1 
150 0.1 0.1 0.1 0.1 0.2 0.1 
175 0.1 0.1 0.1 0.1 0.1 0.1 
200 0.1 0.1 0.1 0.1 0.1 0.1 
 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.2 0.2 0.2 0.2 -0.2 0.5 
50 0.1 0.1 0.1 0.1 -0.3 0.4 
75 0.1 0.1 0.0 0.1 -0.3 0.4 
100 0.1 0.1 0.0 0.0 -0.3 0.3 
125 0.1 0.1 0.0 0.0 -0.2 0.3 
150 0.1 0.1 0.0 0.0 -0.3 0.3 
175 0.1 0.1 0.0 0.0 -0.3 0.3 
200 0.1 0.1 0.0 0.0 -0.3 0.3 
 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 0.3 0.3 0.2 0.3 -0.1 0.4 
50 0.2 0.2 0.2 0.2 -0.2 0.3 
75 0.1 0.1 0.1 0.1 -0.2 0.3 
100 0.1 0.1 0.1 0.1 -0.3 0.2 
125 0.1 0.1 0.1 0.1 -0.2 0.2 
150 0.1 0.1 0.1 0.1 -0.2 0.2 
175 0.1 0.1 0.0 0.1 -0.3 0.2 
200 0.1 0.1 0.0 0.1 -0.3 0.2 
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Table 2: Precision (Half 95% CI) of GAM  (a, b, c) and SAM  (d, e, f) estimates by region (based on MUAC) (%) 
(a)                                  Classic Method (b)                                 Probit Method I (c)                           Probit Method II 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 14.2 14.7 14.5 12.1 13.5 15.1 
50 9.3 9.5 9.2 8.6 7.9 9.8 
75 7.4 7.5 7.3 7.1 6.0 7.8 
100 6.4 6.5 6.2 6.2 5.0 6.7 
125 5.8 5.8 5.5 5.5 4.4 6.0 
150 5.3 5.4 5.0 5.2 4.0 5.7 
175 5.0 5.0 4.7 4.7 3.7 5.2 
200 4.7 4.8 4.4 4.5 3.5 4.9 
 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 7.9 8.1 7.6 7.4 3.7 8.6 
50 6.2 6.4 6.0 5.7 2.7 6.8 
75 5.5 5.7 5.4 5.0 2.3 6.0 
100 5.1 5.3 5.0 4.6 2.0 5.5 
125 4.9 5.1 4.8 4.3 1.9 5.3 
150 4.7 4.9 4.7 4.2 1.7 5.1 
175 4.6 4.8 4.6 4.0 1.7 4.9 
200 4.5 4.7 4.5 3.9 1.6 4.8 
 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 9.9 10.0 9.5 9.5 6.9 10.5 
50 6.7 6.8 6.3 6.4 4.3 7.2 
75 5.4 5.5 5.1 5.2 3.5 5.8 
100 4.6 4.7 4.4 4.5 3.0 5.0 
125 4.1 4.2 3.9 4.0 2.6 4.5 
150 3.8 3.9 3.6 3.6 2.4 4.1 
175 3.5 3.6 3.3 3.4 2.2 3.8 
200 3.3 3.4 3.1 3.1 2.0 3.5 
 
(d)                             Classic Method (e)                         Probit Method I (f)                           Probit Method II 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 10.7 13.3 13.2 5.1 13.0 13.3 
50 6.8 7.6 7.6 4.3 7.2 7.5 
75 5.1 5.5 5.4 3.7 5.0 5.4 
100 4.1 4.3 4.3 3.3 3.9 4.3 
125 3.5 3.7 3.6 2.9 3.2 3.7 
150 3.1 3.2 3.1 2.7 2.7 3.2 
175 2.8 2.9 2.8 2.4 2.4 2.9 
200 2.6 2.7 2.5 2.3 2.1 2.7 
 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 3.0 3.1 3.0 2.8 0.9 3.5 
50 2.5 2.6 2.5 2.2 0.6 2.8 
75 2.3 2.3 2.3 2.0 0.5 2.6 
100 2.2 2.2 2.2 1.9 0.5 2.5 
125 2.1 2.2 2.1 1.8 0.4 2.4 
150 2.1 2.1 2.1 1.7 0.4 2.4 
175 2.0 2.1 2.0 1.7 0.4 2.4 
200 2.0 2.1 2.0 1.7 0.4 2.3 
 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 4.8 4.8 4.5 4.7 2.9 5.1 
50 2.8 2.8 2.7 2.8 1.5 3.1 
75 2.2 2.2 2.1 2.1 1.0 2.4 
100 1.9 1.9 1.7 1.8 0.8 2.0 
125 1.6 1.6 1.5 1.6 0.7 1.8 
150 1.5 1.5 1.4 1.4 0.7 1.6 
175 1.4 1.4 1.3 1.3 0.6 1.5 
200 1.3 1.3 1.2 1.2 0.6 1.4 
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Table 3: Coverage of GAM  (a, b, c) and SAM  (d, e, f) estimates by region (based on MUAC) (%) 
(a)                             Classic Method (b)                         Probit Method I (c)                     Probit Method II 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 83.7 84.6 83.3 81.3 61.6 86.1 
50 93.9 94.5 94.1 92.3 83.5 94.1 
75 96.5 96.8 96.6 95.4 91.9 96.3 
100 97.3 97.4 97.6 96.9 96.1 97.1 
125 97.8 98.0 97.9 97.3 97.1 97.3 
150 98.1 98.3 97.7 97.5 97.9 97.6 
175 98.4 98.5 98.2 98.1 98.1 98.2 
200 98.6 98.7 98.4 98.4 98.5 98.4 
 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 92.1 92.1 91.7 91.7 91.2 93.1 
50 91.2 91.2 90.5 91.3 91.8 92.3 
75 90.4 90.4 89.5 90.7 89.4 91.3 
100 89.8 89.9 88.4 90.1 89.2 90.2 
125 89.4 89.4 88.0 89.5 87.0 90.2 
150 88.9 89.0 87.7 88.6 88.2 89.5 
175 88.8 88.9 87.4 89.0 88.5 89.1 
200 88.4 88.7 86.7 88.6 86.7 88.1 
 
Sample 
size 
GAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 94.5 94.7 94.4 94.2 94.5 94.3 
50 93.6 93.6 93.0 93.7 93.9 93.7 
75 93.1 93.2 92.8 93.2 92.4 93.0 
100 92.5 92.6 92.0 92.5 92.6 91.9 
125 91.8 91.9 91.4 91.7 91.5 91.9 
150 91 91.1 90.6 91.0 90.4 90.1 
175 90.4 90.6 89.7 90.7 89.9 89.2 
200 89.9 90.2 89.0 90.2 89.2 88.2 
 
(d)                             Classic Method (e)                         Probit Method I (f)                           Probit Method II 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 35.4 36.0 32.9 34.7 14.4 39.7 
50 55.3 56.0 52.6 54.1 31.7 60.8 
75 67.1 68.2 64.3 65.5 40.5 71.4 
100 75.2 76.1 73.2 73.1 53.8 78.8 
125 80.4 81.5 78.3 77.6 59.9 83.7 
150 84.2 85.2 83.7 81.1 64.6 86.8 
175 87.3 88.5 86.5 83.8 70.2 89.2 
200 89.6 90.6 89.9 86.4 73.0 90.4 
 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 89.9 90.1 91.5 87.7 78.4 93.4 
50 88.8 88.8 90.5 86.6 72.9 94.4 
75 88.0 88.0 90.3 85.8 68.2 93.8 
100 87.4 87.4 89.7 85.0 64.3 94.1 
125 87.3 87.2 89.8 85.1 62.0 94.6 
150 87.1 87.0 89.6 85.0 58.8 94.7 
175 87.0 86.7 89.4 85.3 57.2 94.9 
200 86.8 86.7 89.3 85.0 55.7 95.0 
 
Sample 
size 
SAM  
All EA WA CSA C A 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
Mean 
(%) 
25 92.7 92.9 94.0 91.1 85.9 93.2 
50 91.1 91.2 92.8 89.5 85.2 92.2 
75 89.7 89.7 91.5 88.4 81.6 91.6 
100 88.7 88.6 90.8 87.3 80.7 90.3 
125 87.7 87.5 90.4 86.4 80.9 89.6 
150 86.5 86.4 89.1 85.0 79.8 88.1 
175 85.7 85.3 89.1 84.6 78.2 87.3 
200 84.5 84.2 87.7 83.6 74.7 86.4 
 
EA: East Africa; WA: West Africa; CSA: Central and South Africa; C: Caribbean; A: Asia 
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Annex VII: Relative precision of the classic method and both PROBIT 
methods 
 
Table 4: Relative precision of GAM  estimates  
Sample 
size 
Classic method PROBIT  method I PROBIT  method II 
Median Mean Median Mean Median Mean 
25 170.7 176.3 105.0 129.6 81.0 84.9 
50 105.8 130.3 70.5 77.5 64.6 67.2 
75 84.6 103.2 57.0 60.9 57.7 60.1 
100 71.1 86.4 49.1 51.8 53.9 56.2 
125 64.2 76.1 43.9 46.0 51.4 53.7 
150 58.6 68.5 40.1 41.8 49.7 52.1 
175 55.1 63.0 37.1 38.7 48.5 50.9 
200 52.8 58.9 34.7 36.2 47.6 49.9 
 
 
Table 5: Relative precision of SAM  estimates  
Sample 
size 
Classic method PROBIT  method I PROBIT  method II 
Median Mean Median Mean Median Mean 
25 323.3 272.4 254.1 881.7 152.6 163.5 
50 352.8 260.1 149.5 178.7 127.2 134.5 
75 187.5 239.5 115.3 128.6 117.8 124.2 
100 189.7 221.5 97.7 105.5 113.2 119.0 
125 191.1 204.2 85.9 91.6 110.2 115.7 
150 143.7 191.1 77.6 82.1 108.2 113.6 
175 138.0 179.8 71.5 75.3 106.9 112.1 
200 138.3 170.0 66.7 70.1 105.8 111.0 
 
